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SUMMARY
Compared to histology, few methods can provide such elegant insight into brain tissue
microstructure. While still considered the gold standard for microstructural validation, as
it has micron-level resolution, it is time-consuming and typically performed postmortem
which limits its practicality. Non-invasive diffusion MRI (dMRI) is sensitive to the
diffusion of water which is typically within the micrometer length scale. Clinically, dMRI
is used widely to visualize ischemic lesions after stroke in a qualitative sense. As many
structures in the brain tissue milieu are on this micron-level order of magnitude, such as
axons that have diameters ~1–10 µm, dMRI is well-situated to probe tissue
microstructure. Even still, the biophysical interpretation of the dMRI signal in healthy, let
alone injured, tissue is complex, and validation is still ongoing.
In clinical research, there are many dMRI applications, but for this dissertation we
studied neonatal brain development after either preterm or hypoxic-ischemic (HI) birth
using dMRI. Typically, the eventual motor and cognitive deficits that arise due to these
insults do not show up until later in development, around 12 months. Our objective was
to determine if dMRI, specifically diffusional kurtosis imaging (DKI), acquired early in
development, near day of life 5–7, could predict long-term outcome scores as measured
by standardized developmental testing at 12–18 months of age. Additionally, we also
sought to determine the effect, if any, that novel treatment regiments for both preterm
infants receiving novel non-invasive brain stimulation paired with bottle feeding and term
aged HI infants getting N-acetylcysteine would have on the quantitative diffusion metrics
we can derive from DKI, namely the diffusivity and kurtosis. Lastly, we wanted to see if
xx

any of the derived DKI metrics could help identify responders to the novel stimulation
therapy or provide indicate HI severity. If shown to be helpful, advanced quantitative
dMRI would help elicit inform the initiation of earlier and more targeted habilitation
therapies for this critical population of neonates.
As we will show in this dissertation, there was marked improvement into longterm outcome model predictions using kurtosis metrics. Moreover, it was found that the
mean kurtosis was able to delineate those who would respond or not to the novel
stimulation therapy in preterm feeding. It was also found that both the fractional
anisotropy and radial kurtosis increased more from pre- to post-treatment in responders
than in non-responders. This would indicate a greater degree of restriction and
directionality to the water movement and thus greater cellular integrity of axons and/or
cellular barriers. Lastly, we found that there exist differences in the kurtosis based on the
timing for the scan in acute (decreased kurtosis) or convalescing (increased kurtosis) HI.
Interestingly, we also found that the kurtosis fractional anisotropy, given the degree of
anisotropy of the kurtosis tensor only, provided support in modeling HIE severity and
outcomes. DKI has not widely been studied in neonatal development, with only a handful
of studies published. This work represents another building block to fully characterize
this method which improves upon the current clinical standard diffusion tensor imaging
(DTI) in identifying treatment response and, insult severity stage, and helping predict
long-term outcomes.
This dissertation also focused on the development of more advanced dMRI
methods than are typically employed or ready for translation to the clinical setting. The
main technique we developed and characterize in depth throughout this body of work is
xxi

fiber ball imaging (FBI). One of main features of FBI compared to DKI is the use of large
diffusion weightings or b-values. DKI typically uses b-values of 1000 and 2000 s/mm2
whereas FBI requires at least 4000 s/mm2 and many sampling directions. The large
diffusion weighting isolates the intra-axonal water by acting as a filter for extra-axonal
water that is a confounding element at the lower b-values of DKI. With FBI, we can
estimate what is known as the fiber orientation density function (fODF) which is related
to the angular spread of axon fiber bundles. Using the fODF, and its associated elements,
we can calculate the fractional anisotropy of axons (FAA) and the Matusita anisotropy
(MAA) that provide insight into the intra-axonal white matter (WM) space specifically.
Furthermore, we developed a method to quickly and easily rectify negative values that
arise during the fODF estimation. We also show that this method can be used for any
fODF estimation technique as well. Using a novel diffusion protocol, triple diffusion
encoding (TDE), we provide a means to get a more reliable value for the intrinsic intraaxonal diffusivity, which can slightly improve the fODF estimation. TDE is simple to
implement and has only a few modeling assumptions, but as it involves no numerical
fitting it can serve as a basis for comparison and validation of various single diffusion
encoding white matter models whose data is easier to acquire but require more modeling
assumptions.
Lastly, we have devised a way to use the fODF as the basis for comparisons rather
than its typical use as an input for other models or white matter fiber tractography. We
call this high-fidelity FBI. Briefly, we rotate each fODF (there is one for each white
matter imaging voxel) into a local coordinate frame such that they are now able to be
compared within and across subjects. This is done using the Matusita distance which
xxii

gives a single value relating to the similarity or difference of the fODFs being compared.
As the fODF is a physical entity, we believe that subtle changes in the fine structure of
the fODF, say across age, will provide a new dMRI contrast to observe changes in white
matter pathology or aging and dementia, such as Alzheimer’s disease.
In total, this thesis work has so far led to 5 peer-reviewed papers, with 2 more
planned, and several abstracts at international conferences.

xxiii

1
The Diffusion Equation
……………………
In general, diffusion is the transport of matter by means of stochastic movement, also
known as a “random walk”, within a system (e.g., a droplet of food coloring in a jar of
water). In this chapter we will work under the assumption of an isotropic medium where
there is no preferential choice to the direction of diffusion. On average, a progression
from higher to lower concentrations is observed under this assumption (i.e., the food
coloring eventually colors the jar of water).

Fick’s Laws of Diffusion
Realizing the similarity to heat conduction, Adolf Fick (1855) adapted previous
derivations by Joseph Fourier (1822) in his quantitative treatment of diffusion. The
diffusive process established by a concentration 𝑛(𝐫, 𝑡), at position 𝐫 = 𝑟(𝑥, 𝑦, 𝑧) and
time 𝑡, in an isotropic medium due to a local gradient can be expressed as

𝐉 = −𝐷∇𝑛(𝐫, t)

(1.1)

where 𝐉 is the flux of particles and 𝐷 is the diffusivity having dimensions [L2 T-1] and
with
∂𝑛
= 𝐷∇! 𝑛
∂𝑡

1

(1.2)

where the time rate of change of 𝑛(𝐫, 𝑡) has been related to the flux divergence, −∇ ⋅ 𝐉 =
)*
)+

in order to conserve particle number. It should be noted that the negative sign in

equation (1.1) indicates transport from higher to lower concentrations. Equations (1.1)
and (1.2) are known as Fick’s first and second laws of diffusion. Together, Fick’s laws
describe the mutual diffusion of a solute with a nonuniform concentration in an isotropic
medium.

Einstein’s Diffusion Equation
Albert Einstein (1905) established the process of molecular “self-diffusion” using the
conceptual framework of the kinetic theory of heat to explain Brownian motion, now
more commonly referred to as diffusion. Brownian motion, named after the botanist
Robert Brown (1828) who first observed it in detail, describes the seemingly random
movement of Clarkia pulchella pollen grains suspended in water as viewed under a
microscope. Modifying Fick’s laws to fit the framework of self-diffusion, Einstein
required that 𝑛(𝐫, 𝑡) be the local probability of finding a given particle. In contrast to
mutual diffusion described by Fick, self-diffusion is a consequence of structured local
thermal fluctuations without the need for a macroscopic concentration gradient. In 1908,
Jean Perrin verified Einstein’s predictions experimentally for which he then was awarded
the 1926 Nobel Prize in Physics. Additionally, Einstein’s mathematical treatment of the
problem also led to convincing evidence for the existence of molecules, which was still
widely debated at the time.

2

Briefly, his derivation assumed the Brownian molecules per unit volume, 𝑛 =

,
-

would behave as an ideal gas with pressure 𝑝 = 𝑛𝑘. 𝑇. These molecules undergo a small
arbitrary virtual displacement δ𝑥 after experiencing a net force K. Einstein then
proceeded to minimize the free energy to counterbalance the external force K. The free
)*

energy minimization gives 𝐾𝑛 = 𝑘. 𝑇 )/ . The velocity given to a single particle is then

0
1

)*

where ζ is the friction and thus the dynamic equilibrium from self-diffusion, −𝐷 )/ , is
seen as
𝐾𝑛
∂𝑛
−D
=0
ζ
∂𝑥

(1.3)

where 𝑘. is Boltzmann’s constant and T is the absolute temperature. Einstein chose ζ to
be the Stokes drag of a spherical particle, 6πη𝑅, where R and η are the radius and
viscosity, respectively, and leads to the key result known as the Einstein-Sutherland
relation,
𝐷=

𝑘. 𝑇
.
6πη𝑅

(1.4)

This insight allowed one to now combine the conditional probability 𝑃(𝐫|𝐫 2 , 𝑡) of
a particle moving from 𝐫 to 𝐫 2 in some time 𝑡 (i.e., the diffusion propagator) with the
local concentration 𝑛(𝐫, 𝑡) as
𝑛(𝐫 2 , 𝑡) = Z 𝑛(𝐫, 0)𝑃(𝐫|𝐫 2 , 𝑡)𝑑𝐫

(1.5)

which also will obey Fick’s second law of diffusion with arbitrary initial condition
𝑛(𝐫, 0) and if the initial starting point is taken to be the Dirac delta function, 𝑃(𝐫|𝐫 2 , 0) =
δ(𝐫 2 − 𝐫), then
3

∂
𝑃(𝐫|𝐫 2 , 𝑡) = 𝐷∇! 𝑃(𝐫|𝐫 2 , 𝑡) = 𝐷∇! δ(𝐫 2 − 𝐫)
∂𝑡

(1.6)

with the solution being the Gaussian or normal distribution
𝑃(𝐫|𝐫 2 , 𝑡) =

5𝐫 ! ' 𝐫8
(4π𝐷𝑡)'3/! 𝑒 ' 9:+

"

.

(1.7)

Taking the ensemble average, < 𝐴 > = ∑ 𝑃(𝑠)𝐴(𝑠) over all possible states 𝑠, of the
normal distribution
< (𝑥 2 − 𝑥 )! > = 2𝐷𝑡

(1.8)

< |𝐫 2 − 𝐫|! > = 6𝐷𝑡

(1.9)

in 1-dimension and

for 3-dimensions. Equation (1.9) provides the mean-squared distance that a molecule
traverses in 3-dimensions and is known as Einstein’s equation for diffusion.

4

2
Diffusion MRI
……………………

Introduction
Of the extensive catalog of MRI methods, diffusion MRI (dMRI) is a technique having
myriad applications, especially in neuroimaging. One option in the analysis of dMRI data
is to calculate diffusion parameters with solid foundations in pure physics but that are not
tissue specific. Additionally, substantial effort continues to be focused on another
approach, that of validating tissue-specific models from dMRI data, typically for white
matter (WM). A variety of models have been proposed (Kiselev, 2017; Novikov et al.,
2019; Yablonskiy and Sukstanskii, 2010) which aim to calculate tissue-specific
microstructural parameters; for example, the intra-axonal and extra-axonal diffusivities of
WM. The formulation, properties, and analysis of the dMRI signal will be the topic of the
following discussion.
Distinct to dMRI is the ability to probe cellular structure at the microscopic level
(0.001 mm = 1 µm), far beyond the normal macroscopic imaging resolution, typically (13 mm)3. The unique challenge for dMRI is grappling with the spatial dependence due to
the underlying cytoarchitecture imparted to the effective parameters (e.g., relaxation
rates) relevant to describe an emergent phenomenon. Within heterogenous media, a
5

relative scale spanning the mesoscopic regime is set by the diffusion length or the rootmean-squared distance, √𝐷𝑡, anywhere between 1 – 50 𝜇m for t ranging anywhere from
1 – 1000 ms. In the limit as t → ∞, coarse-graining acts to filter out irrelevant features
such that the effective parameters gradually “flow” or evolve from microscopic to
macroscopic descriptors through renormalization within the effective medium (Novikov
et al., 2019).
In the context of dMRI, microstructural features much smaller than the
corresponding diffusion length for a given diffusion time are not resolvable. From the
above discussion, the diffusivity is time dependent, D(t), and eventually settles to a
macroscopic value defined by the coarse-graining procedure. Therefore, for a set
diffusion time, the length scale of interest is tunable. For a “typical” diffusion time (Δ) of
roughly 50 ms, a water molecule will diffuse on average 10 𝜇m. Through sheer luck or
serendipity, axons, along with neuronal cell bodies, glial cells, and organelles, for
example, along with numerous other microstructural components, are on the same order
as this “typical” diffusion length. Together, these tissue components will alter the water
diffusion and hence the measured signal using MRI.
While a pivotal result, equation (1.7) was derived for purely isotropic diffusion.
Within an isotropic and heterogeneous medium, the diffusivity is the same in all
directions. At body temperature, 37°C, D = 3 µm! /ms. In principle, most cases of
biophysical or clinical relevance are disordered in their construction. This heterogeneity
imparts not only a time dependence but also a spatial dependence to the diffusion profile
which will be the focus of the following sections.

6

Spin-echo
As a macroscopic manifestation of a deeply quantum mechanical phenomenon, MRI is
the primary means to collect high-resolution in vivo images of the human body noninvasively. First realized in nuclear magnetic resonance (NMR) experiments by Hahn
(1950) and used in many MRI applications, the measured signal is formed by a “spin
echo” caused by the perturbation into the transverse plane (x,y) and subsequent
refocusing of the spin population using radiofrequency (RF) pulses tuned to the Lamar
frequency of protons (or other MR visible nucleus). Since nuclear spins in NMR acquired
a phase based on their precession in magnetic fields, molecular diffusion would be
discernable if the magnetic field varied over spatial location. The original Hahn echo
used an initial p/2 and subsequent p/2 refocusing RF pulses.
Not long after Hahn, Carr and Purcell (1954) provided evidence that a stronger
echo is obtainable using a p refocusing RF pulse. This refocusing pulse could also be
applied as a RF pulse train. This in turn leads to transverse signal degradation due to
incomplete spin refocusing across different spatial locations. A solution to this refocusing
issue was shown by Meiboom and Gill (1958) to include phase shifts in quadrature to the
p RF pulse train with respect to the initial p/2 RF pulse. In other words, they insisted on
applying the subsequent p RF refocusing pulses along a different axis from the initial p/2
perturbation pulse. This MRI sequence is widely known as the Carr-Purcell-MeiboomGill (CPMG) method.
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Diffusion weighting
Monitoring of the diffusion process using MRI is made possible by the addition of extra
gradients (i.e., diffusion-weighting gradients) during the encoding portion. These gradient
pulses sensitize the resulting measurements to diffusion. The pulsed gradient spin echo
(PGSE) sequence (see Figure 2.1), first shown by Stejskal and Tanner (1965), is a typical
spin-echo sequence supplemented with a pair of gradient pulses on either side of the p RF
refocusing pulse.

Figure 2.1 Pulsed gradient spin echo (PGSE) pulse diagram. The initial perturbation pulse (p/2) tips the
net magnetization vector into the transversal plane. The refocusing pulse (p) reverses the direction of
the spin dephasing imparted during the 1st diffusion gradient application having a duration d and
amplitude g. The time between diffusion gradient applications is designated as D. The 2nd diffusion
gradient, identical to the first, rephases the spins to create the measured signal echo as they refocus.

These gradients become important for non-stationary water molecules since
during refocusing with the second gradient pulse they will have moved spatial location
and thus experience a different magnetic field. The resulting echo will be imperfect and a
decrease in the measured MRI signal observed which is related to the distance the
molecules have moved.
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Affected spin packets within the field-of-view of gradient application will then
acquire an additional phase factor
𝚫

φ(Δ) = 𝛾 Z 𝑔(Δ2 ) 𝑟(Δ2 )𝑑Δ2 ,

(2.1)

<

where 𝑔(Δ) is the component of pulsed gradient field parallel to the static polarizing field
of magnitude 𝐵< , γ the gyromagnetic ratio (2.675 10-8 rad × s-1 × T-1) and 𝑟(Δ) is any
random path a given molecule will traverse in the diffusion time Δ. In the context of
NMR, equation (2.1) can be included in a modified form of the Bloch equations to solve
for the echo amplitude (Torrey, 1956).
Only diffusion parallel to the experimentally controlled gradient pulse contributes
to the measured signal, and we can thus refer to 𝑔(Δ) as a diffusion encoding direction.
In isotropic diffusion it makes no difference which way the media is probed but in
anisotropic diffusion the encoding direction is extremely important. To get a complete
picture of the diffusion dynamics, many different encoding directions are typically
employed with the exact number being application and time dependent.
As Einstein showed in 1905, the simplest diffusion is described by a Gaussian
probability distribution as seen in many homogeneous liquids and crystals. Using the
Stejskal-Tanner sequence, the resulting MRI signal is simply described as
𝑆(𝑏) = 𝑆< 𝑒 '=: ,

(2.2)

where D is the diffusivity, S0 is the signal without diffusion gradients applied, and b is
the b-value that provides the strength of the diffusion weighting (Yablonskiy and
Sukstanskii, 2010).
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The b-value is defined as
δ
𝑏 = (γ𝑔δ)! qΔ − r
3

(2.3)

where δ is the diffusion gradient duration. In the narrow pulse approximation, 𝑔 is no
longer a function of Δ and the diffusion gradients can then be viewed as delta functions.
Furthermore, equation (2.3) assumes the gradient waveforms are exactly square which is
not achievable due to hardware limitations. A more complicated yet realistic form of the
b-value considers the gradient ramp time, ϵ, that is expressed as

𝑏 = (γ𝑔δ)! [(Δ − δ/3) + ϵ3 /30 − (δϵ! )/6].

(2.4)

Fourier relationship between q-space and dPDF
In disordered media, such as brain tissue, the diffusion profile is typically not Gaussian
and characteristically deviates away from the monoexponential decay of equation (2.2)
(Jensen and Helpern, 2010; Jensen et al., 2005). As was mentioned earlier, cell barriers
and semi-permeable membranes are typically cited as the primary causes of the
deviations away from a Gaussian distribution.
Utilizing the Stejskal-Tanner method, one can define a space of q-vectors (King et
al., 1994)
𝐪=

𝛾𝛿𝑔
𝐧,
2𝜋

(2.5)

with n being a unit vector identifying the diffusion encoding direction. Together the
gradient orientation and amplitude link the MRI signal with a unique point in q-space
allowing the signal to be cast as a function of q. Although exact only in the narrow pulse
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limit (Stejskal, 1965; Tanner and Stejskal, 1968), a Fourier relationship exists between
the dMRI signal S as a function of q-value and the diffusion displacement probability
density function (dPDF),
𝑆(𝐪) = 𝑆𝟎 Z 𝑃(𝐬)𝑒 '!?@ 𝐪 ∙ 𝐬 𝑑 3 𝑠

(2.6)

where P(s) is the dPDF and s the molecular displacement vector of the diffusion water.
Sometimes referred to as Stejskal’s formula, equation (2.6) bridges the gap to connect the
diffusion dynamics and the measured MRI signal (Jensen, 2015; Kiselev, 2017; Mohanty
et al., 2018).
Inverting the Fourier transform in equation (2.6) gives the dPDF
𝑃(𝐬) =

1
Z 𝑆(𝐪)𝑒 !?@ 𝐪 ∙ 𝐬 𝑑 3 𝑞
𝑆𝟎

(2.7)

where it is assumed that both the dMRI signal and the dPDF have antipodal symmetry
[i.e., P(s) = P(-s)]. Since q-space sampling is typically performed on a Cartesian grid it
allows for similar Fourier methods as those used in MR image reconstruction from kspace data to apply (Mohanty et al., 2018; Wedeen et al., 2005). Furthermore, the dPDF
displacement field of view is defined by the inverse of the grid spacing Δ𝑞 as
𝐿 = (Δ𝑞)'(

(2.8)

and the dPDF spatial resolution by the inverse of twice the maximum amplitude of the qvector qmax
𝑎 = (2𝑞DEF )'(

(2.9)

where L is the field of view and a is the spatial resolution (Mohanty et al., 2018). As is
obvious from the inverse nature, as Δ𝑞 → 0, L increases (i.e., larger field of view) and as
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𝑞DEF → ∞, a gets smaller (i.e., higher resolution). In other words, dense q-space
sampling with a large qmax is ideal for a high resolution of the dPDF.
Diffusion Spectrum Imaging (DSI) (Wedeen et al., 2005) takes this approach by
gathering many q-space points (~500 points), 𝑞 = ~𝑞/ , 𝑞G , 𝑞H •, corresponding to a cubic
lattice contained within a sphere of a predefined radius (e.g., |𝑞| ≔ (𝑞 ⋅ 𝑞)'(/! ≤ 5).
While there are variations of q-space imaging (Cohen and Assaf, 2002; King et al., 1994;
Latt et al., 2008; Mohanty et al., 2018), it is possible to perform full 3D q-space imaging
of which DSI is the most popular although having long acquisition makes it less practical
(Kuo et al., 2008; Wedeen et al., 2005).

Cumulant expansion of dMRI signal
In lieu of q-space imaging, which is time intensive, two interesting and widely used
dMRI methods are diffusion tensor imaging (DTI) (Basser et al., 1994b) and diffusional
kurtosis imaging (DKI) (Jensen and Helpern, 2010; Jensen et al., 2005). Both methods
quantify general tissue properties grounded in pure physics to explain water diffusion
(i.e., diffusivity, D, and diffusional kurtosis, K). As these types of methods also do not
rely on specific biological assumptions, they are referred to as model-free and have no
explicit connection to tissue microstructure. The derived rotationally invariants that can
be compared in health and pathology to infer biophysical differences. Fitting of
mathematical functions to the measured dMRI signal attenuation curve provides the
means of calculating the derived parameters.
Taking the power series for the logarithm of the dMRI signal as a function of the
q-vector, also known as the cumulant expansion (Grebenkov, 2007; Jensen, 2021;
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Kiselev, 2017; Novikov et al., 2019; Yablonskiy and Sukstanskii, 2010), expressed to
leading order as
3
(()
ln[𝑆(𝐪)] = 𝑆< + „ 𝐶@I 𝑞@ 𝑞I + 𝑂(𝑞9 )

(2.10)

@,IM(
(()

where qi is a component of q, q is the magnitude of q, and 𝐶@I is a component of the
apparent symmetric rank-2 tensor 𝐂 (() having 6 unique elements. Due to symmetry, the
odd powers of q vanish.
The apparent diffusion tensor is defined as
𝐃=−

𝑞! (()
𝐂
𝑏

(2.11)

and also from equations (2.3) and (2.5) the b-value can be shown to have a quadratic q
dependence
δ
𝑏 = (2π𝑞 )! qΔ − r
3

(2.12)

such that expansion in equation (2.10) can be rewritten in terms of the conventionally
used b-value as
ln[𝑆(𝐪)] = 𝑆< − 𝑏𝐧N 𝐃𝐧 + 𝑂(𝑞9 )

(2.13)

for a given b-value and unit direction vector n. The expansion is typically normalized by
the non-diffusion weighted signal S0 (i.e., b = 0 s/mm2). The diffusivity in an arbitrary
direction D(n) is calculated as
3
N

𝐷 (𝐧) = 𝐧 𝐃𝐧 = „ 𝑛@ 𝑛I 𝐷@I
@,IM(

where the individual elements of D are
13

(2.14)

𝐷@I ≡ (2∆)'( 〈𝑠@ 𝑠I 〉 = (2∆)'( Z 𝑑 3 𝑠 𝑃(𝐬)𝑠@ 𝑠O

(2.15)

to capture the diffusion dynamics completely, where i and j = 1, 2 or 3 refer to
components of the displacement vector s. The integral of equation (2.15) is the exact
definition of the diffusion tensor.
If the q-vector (or b-value) is small enough, the higher order terms in equation
(2.13) can be neglected and leave us with the formulation used by DTI (Basser et al.,
1994b)
𝑆(𝐪) ≈ 𝑆< exp[−𝑏𝐷(𝐧)]

(2.16)

which looks like equation (2.2) and approximates the diffusion as Gaussian. It has been
empirically shown that DTI works well if the b-value does not exceed 1000 s/mm2
(Jensen and Helpern, 2010). For a set b-value in DTI, there is a trade-off between
accuracy and precision which should be considered in detail when designing studies
using DTI.
The tensor D has six unique elements, those where i = j along the diagonal and
three unique off-diagonal components where 𝑖 ≠ 𝑗. Therefore, in general, DTI requires a
minimum of six unique diffusion encoding directions to solve for D with equation (2.16).
From D, four primary diffusivity parameters are calculated. These are the fractional
anisotropy (FA)
(λ( − λ! )! + (λ! − λ3 )! + (λ3 − λ( )!
𝐹𝐴 = •
,
2(λ(! + λ!! + λ!3 )

(2.17)

which details the degree of diffusion anisotropy where λ@ is the ith eigenvalue of D. By
convention, λ( ≫ λ! ≫ λ3 . The FA is a number between 0 and 1, with numbers closer to
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1 having greater anisotropy. If λ( = λ! = λ3 , then FA = 0, the diffusion is isotropic with
the distribution taking the shape of a sphere.
The mean diffusivity (MD), which describes the average diffusivity over all
directions,
+=
𝐷

λ( + λ! + λ3 ~𝐷|| + 2𝐷$ •
=
= (4𝜋)'( Z 𝑑Ω𝐧 𝐷(𝐧)
3
3

(2.18)

the axial diffusivity (AD) which is the diffusivity along the principal axis
𝐷∥ = λ(

(2.19)

and the radial diffusivity (RD) which is the average diffusivity perpendicular to the
principal axis
𝐷$ =

λ! + λ3
.
2

(2.20)

Lastly, it is possible to extract fiber orientation mapping from the DTI analysis.
For this mapping it is believed the direction of the fibers within the tissue voxels is
collinear with the principal eigenvector of D. The directions that are extracted can be
used, for instance, in fiber tractography to map out the major white matter pathways of
the brain. The main pitfall of DTI fiber orientation mapping is there is only a single
direction extracted but is has been reported that many voxels have more than one main
fiber population (Jeurissen et al., 2013). Moreover, this single peak does not necessarily
correspond to any fiber direction in a voxel with crossing fibers.
Biological tissue, such as brain, is highly heterogeneous. As the b-value begins to
exceed 1000 s/mm2, the dMRI signal deviates away from a monoexponential decay due
to non-Gaussian effects (Jensen et al., 2005). This deviation is the product of the water
molecules having ample time to interacting with their surroundings (e.g., cell walls or
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barriers and compartments). Once the diffusion dynamics are no longer described by a
simple Gaussian distribution the DTI framework described by equation (2.16) no longer
applies. Extending the signal expansion by including the next order term in equation
(2.10) as
3

ln[𝑆(𝐪)] = 𝑆< + „
@,IM(

3
(()
𝐶@I 𝑞@ 𝑞I

(!)

+ „ 𝐶@IS" 𝑞@ 𝑞I 𝑞S 𝑞" + 𝑂(𝑞T )

(2.17)

@,I,S,"M(

(!)

where 𝐶@IS" are components of the symmetric rank 4 tensor 𝐂 (!) having 81 elements
where 15 are independent. This can be rewritten like equation (2.13) to give
3

1
+ ! „ 𝑊@IS" 𝑛@ 𝑛I 𝑛S 𝑛" + 𝑂(𝑞T )
ln[𝑆(𝐪)] = 𝑆< − 𝑏𝐧N 𝐃𝐧 + 𝑏 ! 𝐷
6

(2.18)

@,I,S,"M(

where 𝑊@IS" are components of the apparent kurtosis tensor W defined as
𝐖=−

6𝑞9 (!)
𝐂
+!
𝑏! 𝐷

(2.19)

and again, as d approaches zero in the narrow gradient assumption,
+ )'! (𝐷@I 𝐷S" + 𝐷@S 𝐷I" + 𝐷@" 𝐷IS ) + (2∆𝐷
+ )'! Z 𝑑 3 𝑠 𝑃(𝐬)𝑠@ 𝑠I 𝑠S 𝑠" .
𝑊@IS" = −(𝐷

(2.20)

Just as above, dropping the q6 terms in equation (2.18) gives the approximation for the
DKI approach
𝑆(𝐪) ≈ 𝑆< 𝑒𝑥𝑝[−𝑏𝐷(𝐧) +

1
[𝑏𝐷(𝐧)]! 𝐾(𝐧)]
6

(2.21)

where K(n) is the kurtosis of the dPDF for any direction n
3

+!
𝐷
𝐾(𝐧) =
„ 𝑊@IS" 𝑛@ 𝑛I 𝑛S 𝑛" .
[𝐷(𝐧)]!
@,I,S,"M(
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(2.22)

Kurtosis is a measure of non-Gaussianity for a probability distribution introduced by
Pearson (1905) and thus for a Gaussian distribution 𝐾 = 0. Statistically, kurtosis is a
characterization of the shape of a PDF defined as (𝜇9 /𝜎 9 ) − 3, where 𝜇9 is the fourth
central moment and 𝜎 is the standard deviation, with a lower bound of 𝐾 ≥ −2. If 𝐾 >
0, the PDF is leptokurtic and has more “weight” at its center and tails compared to a
Gaussian while if 𝐾 < 0 the PDF is platykurtic and the “weight” is less in the center and
tails and more on the “shoulders”. Figure 2.2 provides a graphical depiction of kurtosis.

Figure 2.2 Example Gaussian (blue) and non-Gaussian (red) distributions. The Gaussian distribution has
a kurtosis, K = 0. The Non-Gaussian distribution has a positive kurtosis value, K = 3. The y-axis shows
the probability, P(r,t) of finding a particle at a location r(t), for a given time t.

To solve equation (2.21), at least 22 unique q-vectors must be gathered. Typically,
in practice, a DKI protocol will often include 30 directions with b-values of 1000 and
2000 s/mm2. As with DTI, increasing the maximum b-value brings a trade-off between
accuracy and precision with large b-value giving higher precision but lower accuracy
(Mohanty et al., 2018) of the with the commonly derived metrics (Jensen and Helpern,
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+ ) which, like
2010). A useful metric derived for the kurtosis is the mean kurtosis (MK, 𝐾
MD, is the average kurtosis over all the directions,
+ = (4𝜋)'( Z 𝑑Ω𝐧 𝐾(𝐧) .
𝐾

(2.21)

Unlike the MD that gives the amplitude of the diffusion process, MK relates to the
complexity of the diffusion. In other words, unencumbered diffusion has a no kurtosis. In
addition to MK, there are also component kurtosis metrics, the axial (AK, /K||) and radial
(RK,/ 𝐾$ ) kurtosis, which reflect the kurtosis values parallel and perpendicular to the
diffusion direction (Jensen and Helpern, 2010). Lastly, the kurtosis fractional anisotropy
(KFA) is obtainable which is the analog to FA for the kurtosis tensor (Glenn et al.,
2015b; Hansen, 2019; Hansen and Jespersen, 2016). While similar, the FA and KFA
provide insight into differing characteristics of the diffusion anisotropy.

Figure 2.3 Diffusivity and kurtosis metrics derived from a DKI analysis in a healthy human adult. The
top row shows the mean, axial and radial diffusivities (MD, AD and RD) along with the fractional
anisotropy (FA). The bottom row provides examples of the mean, axial and radial kurtosis (MK, AK
and RK), as well as the kurtosis fractional anisotropy (KFA). The diffusivity metrics provide
information on the amplitude of the diffusion while the kurtosis informs on the complexity of the
diffusion environment.
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Diffusion orientation distribution function
A physical feature of interest available from dMRI is the diffusion Orientation
Distribution Function (dODF). The dODF provides the directionality of diffusion defined
as
V

𝜓U (𝐧) = (𝑍)

'(

Z 𝑠 U 𝑃(𝑠𝐧) 𝑑𝑠

(2.22)

<

where Z is a normalization factor and a is a relative weighting for displacements of
different lengths (Canales-Rodriguez et al., 2010; Glenn et al., 2016). In contrast to the
diffusion ellipsoid of DTI (Basser et al., 1994b), which is limited to a single peak shape,
the dODF of equation (2.22) is a much more general function capable of expressing
multiple peaks; note also that due to antipodal symmetry the peaks come in reflection
pairs. Both the diffusion ellipsoid and the dODF can also provide the basis for fiber
tractography.
There are many dMRI methods that can calculate a dODF. DSI, for instance, can
calculate a dODF from densely sampled q-space data (Wedeen et al., 2005) or using a
DKI one can generate a kurtosis dODF (Glenn et al., 2015a; Jensen et al., 2014). A
technique related to DSI but only requiring a data sampled from a single-shell in q-space
is q-ball imaging (QBI) (Tuch, 2004). The main component of QBI is simple linear
transform
𝜓< (𝐧) ≈ 𝑇& [𝑆, 𝐧]

(2.23)

known as the Funk transform 𝑇& that maps a function on a sphere onto another function
on a sphere (Bailey, 2003). An efficient means of calculating the Funk transform is to use
spherical harmonics as they are its eigenfunctions (Descoteaux et al., 2007) such that
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V

!"

𝑆(𝐧) = „ „ 𝛼"# 𝑌"# (𝜃, 𝜑)

(2.24)

"M< #M'!"

and
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V

𝑇& (𝑆, 𝐧) = 2𝜋 „ 𝑃" (0) „ 𝛼"# 𝑌"# (𝜃, 𝜑)
"M<

(2.25)

#M'!"

where 𝑃" (0) is the Legendre polynomial of degree l at x = 0, 𝛼"# are the spherical
harmonic expansion coefficients, 𝑌"# (𝜃, 𝜑) are the spherical harmonics where q and f are
the spherical angles for n. Note that the coefficients of odd degree l will vanish by
symmetry.

Fiber orientation density function
While the dODF improves upon the diffusion ellipsoid of DTI by providing a working
solution to the “fiber crossing problem”, it is limited in its sensitivity to resolve crossing
fibers below an angular threshold within a WM voxel (Jensen and Helpern, 2016). To
properly describe the direction of fiber bundles in an imaging voxel, it is more
appropriate to use a fiber orientation density function (fODF) that gives the angular
density of fiber directions. Unlike DTI or DKI though, the number of adjustable
parameters to estimate the fODF can quickly become unmanageable. Moreover, the
fitting algorithm is typically a non-linear optimization problem which is impractical for
the number of voxels in a dMRI dataset.
A popular method that circumvents the aforementioned issues of fODF estimation
is constrained spherical deconvolution (CSD) (Dell'Acqua and Tournier, 2019; Tournier
et al., 2007; Tournier et al., 2004). While there have been many methods proposed to
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estimate the fODF, CSD provides a solid framework that relies on 1) a non-negativity
regularization via a Tikhonov constrain (Tournier et al., 2007) that helps but does not
guarantee complete positivity, 2) an empirically determined response function from a
subset of voxels with the highest fractional anisotropy and 3) deconvolution of the raw
dMRI signal without prior normalization which is typically done to the b = 0 signal
(Dell'Acqua and Tournier, 2019).
For CSD, the dMRI signal is modeled as
𝑆(𝐪) = 𝑆W̅ Z 𝑑Ω𝐧 𝐹(𝐧)𝑅(𝐪, 𝐧)

(2.26)

where R(q, n) is an estimated response function for a single fiber signal of an axon
oriented in a direction n (Tournier et al., 2007) where
1 = Z 𝑑Ω𝐧 𝐹(𝐧)

(2.27)

and F(n) obeys reflection symmetry
𝐹(−𝐧) = 𝐹(𝐧).

(2.28)

From equation (2.26), a linear relationship between the dMRI signal and fODF is found.
Provided with enough q-space sampling points, the most practical means for a solution is
to use spherical harmonics. Moreover, CSD only requires a single b-value to adequately
estimate the fODF. Even with the non-negativity constraint, the inversion performed by
CSD will lead to unphysical negative peak lobes.
Another recent method of estimating the fODF comes from fiber ball imaging
(FBI) (Jensen et al., 2016) which applies the inverse Funk transform on a single b-value
shell as
𝐹(𝐧) = (2𝑆W̅ )'( 𝑇&'( (𝑆, 𝐧).
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(2.29)

Compared with then numerical fitting routine of CSD, FBI requires only this simple
linear operation which is easily performed using spherical harmonics. Also, FBI avoids
the need for a globally defined response function which is an important factor for
applications to WM pathology and disease.
FBI relies on three main assumptions: 1) axons can be viewed as impermeable
thin cylinders, 2) no water exchange happens during the diffusion time and 3) the b-value
is sufficiently large such that extra-axonal water signal can be neglected. Support for
assumption (1) comes from the power-law scaling of the dMRI signal (McKinnon et al.,
2017; Veraart et al., 2019). In Chapter 7 of this work, we provide further evidence of the
power-law scaling up to b = 10,000 s/mm2. There we also provide optimized data
acquisition and analysis for FBI. Our results show for assumption (3) to hold the
minimum allowable b-value is 4000 s/mm2. From FBI, two main intra-axonal parameters
can be estimated, z and the fractional anisotropy axonal (FAA). We show that reliable
estimation of these two parameters requires at least 64 diffusion encoding directions. As
with CSD, unphysical negative peaks can arise from the inversion performed by FBI due
to noise amplification among other issues. In Chapter 8, we outline an optimal general
method for rectifying any fODF (not only those from FBI) to ensure only physically
realizable positive peak estimates.
Of the many intra-axonal parameters of interest, the intrinsic intra-axonal
diffusivity (Da) is a highly sought-after quantity. Many WM tissue models have been
created in attempts to extract this quantity but rely on various assumptions and suffer
from non-linear optimization that incur local minima. In general, the diffusivity of free
water at body temperature is approximately 3.0 µm2/ms which is typically taken as the
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upper bound for Da. Provided that Da was obtained, more faithful estimates of the fODF
could be generated, for instance, with FBI. Many dMRI methods, CSD and FBI for
example, use single diffusion encoding (SDE) to gather diffusion information.
Another means is multiple diffusion encoding (MDE), such as the novel triple
diffusion encoding (TDE) (Jensen and Helpern, 2018). In Chapter 9, we use TDE to
gather additional diffusion information not obtainable with standard SDE methods to
analytically calculate Da. We show how the resultant fODF changes based on various
values of diffusivity. From TDE, we also provide a method to confirm modeling
estimates of Da such as from the fiber ball white matter model (FBWM) (McKinnon et
al., 2018).
As with the dODF, the fODF is typically used as a means to an end. One such
means is WM fiber tractography with the fODF used as the input to generate the
“spaghetti” plots of WM “axons”. There a two main branches of tractography algorithms,
probabilistic and deterministic. While the generated streamlines to seem to match well
with anatomy, it should be made clear that they do not actually coincide with fiber
bundles. They are merely a representation of the overall structure of the WM. While
useful, it should be appreciated that there are many possibilities for the streamlines to
provide false positives, that is, a seemingly real looking track that is not anatomically
correct.
It should be realized though that the fODF is a physical structure reflecting the
underlying WM voxel information. In this context, changes in the fine structure of the
fODF may be indicative of aging or pathology. In Chapter 10 of this work, we provide a
novel means to view fODF fine structure by rotating into a local coordinate frame and
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projecting onto a two-dimensional map using the three main eigenvectors as anchor
points. The resultant maps use a hemispheric equidistant azimuthal projection (HEAP) to
display, due to symmetry, one hemisphere of the fODF. Within this local coordinate
system, it is then possible to compare fODFs within and across subjects or ROIs. We
show how to do this using the Matusita distance. Finally, the FAA calculated with FBI
uses only the degree l = 0 and 2 harmonic coefficients. We provide a new anisotropy
metric that utilizes all harmonic degree coefficients of the fODF expansion we call the
Matusita anisotropy.
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3
Brain development following preterm or
hypoxic ischemic birth
……………………

Introduction
Neonatal brain injury is caused by hypoxic ischemia from reduced cerebral blood flow
(Mahdi et al., 2018), or neuroinflammation due to oxidative stress, infection or
intraventricular hemorrhage (du Plessis and Volpe, 2002). In the United States, neonatal
hypoxic ischemic encephalopathy (HIE) occurs in 1-3 per 1000 live term births (Berger
and Garnier, 2000; Gale et al., 2017; Hagberg et al., 2016; Kurinczuk et al., 2010); of
these, 10-15% will die (Pierrat et al., 2005). Moreover, 50% of HIE survivors will
experience significant developmental deficits (Chao et al., 2006), including cerebral palsy
(CP) as well as other cognitive, language and behavioral deficits (Pierrat et al., 2005).
Premature birth leads to prolonged hospital stays in which brain injury, usually
due to hemorrhage or cystic degeneration, affects 25 per 1000 live births (Gale et al.,
2018; Mahdi et al., 2018; Volpe, 2009). Further, immature oligodendroglia and neuronal
precursors are more vulnerable to excitotoxic, oxidative and inflammatory forms of
injury than their mature counterparts (Liu et al., 2013). Taken together, these three factors
may inflict multiple insults during a typical neonatal intensive care unit stay, leading to
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brain dysmaturation, which is the primary risk factor in preterm infants for
neurodevelopmental sequelae (Benavente-Fernandez et al., 2020).
The excitotoxic insult brought on by excess extra-cellular glutamate resultresults
from ATP depletion and cell depolarization. Without ATP the cellular gradient, is not
maintained and the glutamate is released from the cell by reversal of the transporters. The
excess glutamate then competes for cysteine transport causing cellular glutathione
depletion due to cysteine efflux. Cysteine is the rate limiting amino acid for cellular
glutathione synthesis, without which the cell dies under oxidative stress. Further,
inflammatory signals can also activate microglial release of glutamate as well leading to
further oxidative stress (Liu et al., 2013). Due to a lack of ability to synthesize
antioxidant enzymes, premature infants are highly susceptible to WM injury from
reactive-oxygen species (Shim and Kim, 2013). Along with neuroinflammation and
oligodendrocyte maturation-dependent arrest, another indicator of premature birth is
hypomyelination as axon ensheathment fails to occur (Volpe, 2019).
Due to exposure to adverse intra- and extra-uterine environments (Back and
Miller, 2014; Telford et al., 2017), premature birth is associated with significant
impairment of motor skills, cognitive deficits, sensory processing, and behavior along
with an increased risk for psychiatric disorders (Grunau et al., 2002; Johnson and
Marlow, 2011; McGowan et al., 2011). Currently, half of these cases will reach
kindergarten without identification of deficits (Atkins et al., 2017). Even with referral to
developmental follow-up clinic, infants with brain dysmaturation and/or HIE typically
wait for deficits to manifest before receiving habilitation therapy. To mitigate these risks,
a consensus panel recommended that developmental testing be combined with early
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neuroimaging to facilitate earlier referrals and reimbursement for habilitation therapy
(Novak et al., 2017). It has been shown that diffusion imaging can be useful in assessing
injury severity, recovery, and response to therapy in neonates (Graham et al., 2016).
Moreover, it has been shown that dMRI is superior in detection of WM abnormalities
when compared to standard-of-care head ultrasound (Lee et al., 2017).
As was discussed in Chapter 2, neuroimaging via dMRI can provide useful
quantitative indices of the diffusion process within brain tissue. In this chapter, we will
discuss how dMRI, mainly DTI, has been applied to neonatal brain development. We will
begin by outlining how the derived diffusion parameters take shape in normal brain
development. Then, we will compare how brain injury due to preterm birth or HIE
impacts diffusion in brain development and how the derived diffusivity (or kurtosis) may
provide a means to predict long term outcomes.

Normal brain development
It is first useful to have a basis for comparison to better understand how brain injury
adversely influences brain development. Therefore, we will briefly outline how typical
brain development progresses. Brain development begins at conception in the embryonic
stage of life and continues, at different paces, thorough adulthood (Stiles and Jernigan,
2010). While in gestation, the brain develops with radial migration of neural elements
into multiple laminar compartments which then form subcortical projections, staring in
the center and progressing out to the periphery. These are the proliferative zones, the
intermediate zones, the subplate zone of interneurons, the cortical plate and the marginal
zone.
27

During the last trimester until two years of age, the gray matter (GM) and WM
content show a significant increase in volume. This increase also brings larger surface
area, cortical folding, and complexity through further brain morphology changes in the
formation of gyri and sulci. These macroscopic changes reflect underlying microscopic
processes of neurogenesis and migration, synaptogenesis and then pruning of excess
neurons, beginning roughly at 15 weeks gestational age (GA), leaving intact the white
matter structure for future functionally important connections.
Many of the long-distance connection fibers of the WM are already laid by birth
with shorter distance fibers developing later after birth. Additionally, myelination of
axonal fibers helps to stabilize retained pathways not pruned and increases the conduction
speed for faster information transfer between distant brain regions. Starting during late
gestation, myelination continues and peaks around the first postnatal year. The general
pattern observed for myelination is an asynchronous caudorostral gradient from the
center to the periphery in the sensory and motor pathways before any associative
pathways. A more thorough review for the interested reader is provided in (Stiles and
Jernigan, 2010), (Kostovic et al., 2019) and (Dubois et al., 2014).
While endogenous signaling is important to this highly organized and precisely
timed developmental progression, many exogenous factors both in utero and following
birth can influence brain development and result in encephalopathy of prematurity (Fleiss
et al., 2020; Gao et al., 2019).
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Preterm birth
The preterm brain shows increased vulnerability of the oligodendrocyte cell lineage to
injury. The two mechanisms attributable to the injury are hypoxia-ischemia and
inflammation (Volpe, 2019). Numerous neurocognitive deficits from various functional
realms give credence to the notion that preterm brain injury affects WM and globally
contributes to structural deficits in connectivity (Schneider and Miller, 2019). Besides
injury alone, perturbation of neuronal and glial cells have been recognized as the primary
contributor in the shift away from normal development trajectories leading to
dysmaturation (Back and Miller, 2014).
WM injury is highest at the youngest gestational ages (23-27weeks), but even late
preterm infants are at risk for dysmaturation during secondary and tertiary sulcation, with
the increase in cortical surface area and arborization. Overall, preterm infants have 30%
risk of developing neurological deficits (Fleiss et al., 2020). Three major types of WM
insults are thought to contribute to preterm brain injury: focal cystic necrosis, focal
microscopic necrosis, and diffuse nonnecrotic hypomyelination lesions. Various factors,
both intrinsic and extrinsic, make up the prevalence of the lesions in any given patient
(Schneider and Miller, 2019). Aside from ischemia and inflammation, downstream
mechanisms of excitotoxicity and oxidative stress also target the still maturing
oligodendrocytes. However, a global insult that encompasses GM structures may also
accompany WMI, leading to degeneration of neurons and WM microstructure, perturbed
neurogenesis and neural maturation, and connectivity deficits with synaptopathology
(Fleiss et al., 2020). Following moderate ischemia, the total brain injury results in both
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dysmaturation within GM and diffuse WMI without overt neuronal loss (Schneider and
Miller, 2019).

HIE birth
HIE is characterized by prolonged oxygen deprivation or diffusive blood flow reduction
in the brain which can be caused by placental abruption, prolapse of umbilical cord or
uterine rupture (Douglas-Escobar and Weiss, 2015). As a disease, HIE represents a
significant cause of mortality and, in survivors, neurodevelopmental deficits during the
perinatal period. If severe enough, neuronal cell death may occur immediately from cellenergy depletion leading to cellular hypoxia. Within roughly 6 hrs following global
insult onset, a delayed neuronal cell death begins that is typically associated with
encephalopathy (Jacobs et al., 2013).
Many mechanisms combine causing the encephalopathic state, such as
mitochondrial failure, excitotoxin build-up and free radical damage along with cytotoxic
and cytotoxic microglial activation (Jacobs et al., 2013). Typically, cells that do survive
both stages of neuronal cell death can undergo apoptosis for weeks after reperfusion
occurs. Under chronic hypoxia ischemia, the primary affected regions are the cerebellar
cortex and the watershed regions of the cerebral hemispheres. If it occurs acutely, the
hypoxia ischemia will decrease blood oxygen abruptly causing basal ganglia and
thalamic injury (Douglas-Escobar and Weiss, 2015).
Sarnat and Sarnat (1976) were the first to systematically categorize neonatal
encephalopathy to identify term neonates at highest risk for neurodevelopmental
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outcomes. The scoring system considers clinical exam findings, for instance muscle tone,
level

of

consciousness,

reflexes,

and

autonomic

functions,

along

with

electroencephalogram (EEG) measurements. It is also divided into three stages, with
stage 3 being the most severe (Douglas-Escobar and Weiss, 2015; Mrelashvili et al.,
2020). Currently, the only treatment for HIE is therapeutic hypothermia which is
standard-of-care and must be administered within 6-12 hours of the event (Longo et al.,
2020). The treatment uses cooling of the core body temperature to induce mild
hypothermia to approximately 33°C with cooling lasting for 72hrs.

Figure 3.1 Example axial images for at T1-weighted (left) and a T2-weighted (right) anatomical MRI
of a term age neonate.

Anatomical MRI in the neonatal brain
Conventional anatomical MRI provides T1- and T2-weighted images provide qualitative
contrasts based on spin-lattice and spin-spin interactions, respectively. Interestingly, as
can be seen in Figure 3.1, the contrast qualitative characteristics are flipped in newborn
infants compared to adults (Miller et al., 2003). That is, the T1 images show lower WM
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intensity compared to GM and the T2 images show higher WM intensity compared to
GM. These contrasts eventually reach a stage where there is no real demarcation between
GM and WM for either T1 or T2, around one year of age. This continues to progress and
eventually typical T1 and T2 characteristics seen in adult MRI is observed.
It should be noted that the time course of the three stages listed above are
asynchronous and depend on the brain region. Furthermore, the differences in T1 and T2
contrast at the infantile stage compared to the mature brain is believed to be due to
increased water content and tissue immaturity. Myelination is thought to be the main
cause for T1 and T2 decreases being stronger in WM compared to GM. There are two
mechanisms thought to contribute at differing times: (1) compartmentalization of water
molecules that impacts mostly T1 shortening, and (2) increases in lipid and protein
content in the myelin sheath that shortens T2. Therefore, in the first months of life, T2
weighting is used to delineate GM while T1 will show myelinated WM.

dMRI in normal neonatal brain
Due to the differing water content and tissue maturity in the undeveloped brain, the
diffusion properties are vastly different than those seen in adults; in general, neonatal
brains have a higher diffusivity and lower anisotropy. For example, compared with MD
in adult WM (0.7 µm2/ms), neonates on average have MD around 2 µm 2/ms (Huppi et
al., 1998; Neil et al., 1998). While the cause is not exactly known, MD decreases with
age which is usually attributed to a gradual decrease in overall tissue water content and
increased WM complexity from myelination (Neil et al., 1998). The decrease in water
content follows development of water restricting structures such as cell and axonal
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membranes that pack more densely with age to further hinder water movement
(Barkovich and Barkovich, 2019). Examination of the diffusion tensor eigenvalues from
DTI in WM show a decrease in l2 and l3 with age while little change is observed for the
principal eigenvalue l1 (Dubois et al., 2014). This decrease is considered a reflection of
the progressive axon myelination causing restricted water movement perpendicular to the
WM bundles (Mukherjee et al., 2002). In contrast, GM (specifically, the BG) showed
decreases in all three eigenvalues with age.
Increased WM anisotropy is thought to occur in two stages (Dubois et al., 2014).
First, in the pre-myelination stage the increase is attributed to axonal microtubule
proteins, axon caliber changes and oligodendrocyte proliferation. Other factors include
increased conduction velocity and Na+/K+-ATPase activity on the axonal membrane itself
(Fields, 2011). In this immature myelination state, the highest FA values have been
reported in both the splenium and genu of the corpus callosum due mainly to their dense
parallel organization (Partridge et al., 2004). The second increase in anisotropy is directly
associated with the appearance of myelin. It is most readily seen in the poster limb of the
internal capsule, part of the corticospinal tract, and the posterior thalamic radiations,
which are in the process of myelination in the newborn period. Cerebral WM FA is seen
to increase rapidly and nonlinearly up to 2 years of age (Paydar et al., 2014) when only
gradual increases in FA and decreases in MD are observed thereafter.
Despite rapid changes in different WM locations at different times in
development, the FA and AD may provide useful markers for tissue microstructure
maturation. In contrast, the RD is seen to decrease consistently during maturation
(Dubois et al., 2014). Again, these diffusion changes are asynchronous across WM
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bundles, as is myelination, occurring at different times depending on the brain region.
The progression of diffusional maturation follows a similar pattern of central-toperipheral and posterior-to-anterior maturation (Oishi et al., 2011). In cortical tissue, it is
thought that because of neural growth and differentiation, MD and FA decreases reflect
primarily growing tissue density and dendritic elongation with branching orthogonal to
cortical columns (Ball et al., 2013b).
DTI has been the main dMRI method used in studying neonatal brain
development. DKI, although broadly applied in clinical adult studies, has been scarcely
employed in studying the immature brain across development. There is one study that
investigated the age dependent trajectory of MK in pseudo-normal development in terminfants from birth up to roughly 4 years of age (Paydar et al., 2014) and another in
healthy pre-term infants (Shi et al., 2016). As will be outlined below, this work will
provide more evidence for the utility of kurtosis imaging in both normal and abnormal
brain development.

dMRI applied in neonatal brain injury
While rarer than diffuse WM injury and hypomyelination, periventricular leukomalacia
(PVL), or soft (cystic) WM, is also possible following preterm birth complicated by
ischemic injury. The WM region of the centrum semiovale is particularly vulnerable to
pathological abnormalities due to the blood flow and sensitivity to proinflammatory
cytokines as a result of hypoxia or infection (Volpe, 2009). Reduction in the apparent
diffusion coefficient (ADC) in an otherwise normal preterm infant is considered a sign of
WM damage. This corresponds to acute stage PVL histologic findings such as cellular
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and axonal swelling along with astrocytic and microglial hyperplasia before necrosis
leads to development of visible cysts and gliosis. Further reductions in anisotropy seen
during the chronic stage of PVL as quantified from DTI; this is particularly evident in the
developing fiber bundles of the posterior limb of the internal capsule (Huppi et al.,
2001).
Cerebral palsy (CP) is a general term for motor deficits following perinatal brain
injury. Qualitative WM injury patterns were observed in the internal capsule, thalamic
radiations, and corpus callosum in children with CP associated with PVL (Nagae et al.,
2007). Directly investigating WM lesions, another study found increased MD and
decreased FA in lesions and in the CST ipsilaterally while contralaterally there was an
increase in both MD and FA (Thomas et al., 2005). The authors interpreted this as
structural reorganization in the sensorimotor pathways.
In contrast to WM, a study of cortical microstructure found that compared to fullterm infants, preterm infants had higher FA and MD thought to reflect a dose-dependent
impairment in microstructural development and arborization upon exposure to an extrauterine environment (Ball et al., 2013b).
In relation to long-term outcome, higher MD in the corpus callosum after preterm
birth is associated with poor outcome at 18-months based on the Bayley Scales of Infant
and Toddler Development (Takenouchi et al., 2010). More detailed descriptions and
information can be found in (Dubois et al., 2014; Qiu et al., 2015; Vasung et al., 2019).
DTI applied in neonatal brain injury has shown that decreased MD is indicative of
acute basal ganglia-thalamic (BGT) injury (Ancora et al., 2013) and decreased FA is a
marker of WM injury (Ward et al., 2006). This reduction in FA persisted for up to three
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weeks post-HIE event (Ward et al., 2006), whereas MD normalizes after the first week
(Rutherford et al., 2004). However, a major limitation of DTI is the increased water
content of the neonatal brain compared to adults, resulting in markedly lower FA and
higher MD values in neonates (Huppi and Dubois, 2006; Ward et al., 2006). Therefore,
injury-induced changes in water diffusivity measured via DTI may not be as evident and
may inadvertently lead to false negative conclusions of WMI.
In a study comparing DTI in HIE newborns cooled with total body hypothermia
against healthy control newborns (Longo et al., 2020), it was observed that HIE newborns
had lower FA values in the optic radiations (OR) and corticospinal tract (CST). The HIE
newborns also had higher AD in the CST, BG and thalamus (TH) and higher RD in the
OR, CST, BG and TH than the healthy controls. In the same study, an investigation into
time effects of therapeutic hypothermia found that HIE newborns had near typical FA
values after 6 months. In addition, comparing to the initial DTI scan at birth, the authors
reported higher AD and lower RD values in the HIE newborns at 6 months which is
consistent with normal development.
For assessing long-term outcome, DTI has been used to correlate with behavioral
measures of cognition with FA in the corpus callosum, anterior limb of the internal
capsule (ALIC) and inferior longitudinal fasciculus (ILF) (Artzi et al., 2011; Tusor et al.,
2012). Reduced FA has also been observed in adolescents that experience moderate
neonatal HIE (Nagy et al., 2005). Slower information processing in adolescents who had
neonatal HIE (and were not treated with therapeutic hypothermia) was associated with
reduced FA in WM tracts using TBSS (Gosar et al., 2020). The WM tracts found to show
significant FA reduction were the corpus callosum, ALIC, PLIC and the corona radiata.
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The authors infer that their findings relate to decreased WM integrity due to neonatal HIE
which has long-lasting dose-dependent effects into early adolescence.
How brain injury perturbs the kurtosis parameters is not well-defined in the
neonatal literature. Only one publication has applied DKI to neonatal brain injury (Gao et
al., 2016). However, they did not report on the kurtosis metrics. Using the WM tract
integrity (WMTI) model of DKI, they aimed instead to differentiate the WM
microstructural causes (i.e., delayed myelination or axonal breakdown) of T2
hyperintensity with and without the presence of HIE injury.
Kurtosis imaging has never been applied to long-term outcome prediction in
neonatal development. Adult stroke though may serve as an example (Fiebach et al.,
2002; Mader et al., 2002; Rutherford et al., 2004) where diffusivity and kurtosis have
been investigated (Hui et al., 2012; Jensen et al., 2011) and with kurtosis metrics showing
improved long-term motor outcome prediction (Spampinato et al., 2017).
In this work, we will show how both diffusivity and kurtosis from WM ROIs in
both preterm and HIE infants correlate with early developmental testing performed by the
STEP and can be used to improve predictions of Bayley-III 12-month outcomes (Chapter
4). Evidence is also provided to show that RK is different in preterm infants with
oromotor deficits before and after novel brain stimulation therapy (Chapter 5).
Furthermore, MK will be shown to differentiate preterm infants who will respond to brain
stimulation for feeding improvement (Chapter 5) and differentiate HIE stage in term-aged
infants (Chapter 6).
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4
Improved one-year developmental models
using DKI in preterm infants
……………………
Moss, H. G., Wolf, L. G., Coker-Bolt, P., Ramakrishnan, V., Aljuhani, T., Yazdani, M.,
Brown, T. R., Jensen, J. H., & Jenkins, D. D. (2022). Quantitative Diffusion and
Spectroscopic Neuroimaging Combined with a Novel Early-Developmental Assessment
Improves Models for 1-Year Developmental Outcomes. AJNR. American journal of
neuroradiology, 43(1), 139–145.

Introduction
Premature birth results in CNS dysmaturation characterized by altered
microstructural white matter (WM) and myelination not quantifiable on head ultrasound
or qualitative MRI (Back and Miller, 2014; Duerden et al., 2015; Lean et al., 2019).
Interventions for developmental delays are typically not started until later in infancy upon
failure to sit or walk, squandering a period of high neuroplasticity. Drs. Coker-Bolt and
Jenkins developed the Specific Test of Early Infant Motor Performance (STEP) to
address this need, and have shown that STEP scores at term and 3-months of age can
predict motor and cognitive scores on Bayley Scales of Infant and Toddler Development
(Bayley-III) at 12-months (Coker-Bolt et al., 2016; Coker-Bolt et al., 2014; Gower et al.,
2019).
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In line with a recent consensus statement emphasized combining neuroimaging
with clinical assessments for improved diagnosis of cerebral palsy (Novak et al., 2017),
in this study we determined whether neuroimaging (by MRS or diffusion MRI) reflected
concurrent function (STEP performance) at term and improved the STEP’s ability to
predict later development. MRS quantifies mobile intra-cellular metabolomics in basal
ganglia (BG) and frontal WM regions affected by neonatal injury that relate to outcome
(Chau et al., 2013; Kendall et al., 2014; Kreis et al., 2002; Tanifuji et al., 2017). Both
diffusional kurtosis imaging (DKI) (Jensen and Helpern, 2010) and DTI (Basser et al.,
1994b) are diffusion MRI methods that quantify tissue integrity through the random
movement of water molecules. Kurtosis quantifies the water movement deviation away
from and not represented by the strict Gaussian distribution DTI imposes (Jensen and
Helpern, 2010). DKI measures tissue heterogeneity (intra- or extracellular barriers)
(Jensen et al., 2005) and is acutely sensitive to pathological processes (Steven et al.,
2014). While application of DKI to brain development is new (Galdi et al., 2020; Gao et
al., 2016; Paydar et al., 2014; Shi et al., 2016; Shi et al., 2019), studies in typically
developing children show nonlinear relationships of kurtosis with age (Paydar et al.,
2014; Shi et al., 2016; Shi et al., 2019). The kurtosis tensor provides higher-order CNS
structural information on organization of the microenvironment, which may directly
impact development.
We hypothesized that lower metabolic or microstructural integrity identify
dysmaturation that manifests as functional developmental performance at term or 3months by STEP, and at 12-months by Bayley-III (Coker-Bolt et al., 2016; Lally et al.,
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2019). This investigation provides evidence that quantitative neuroimaging paired with
early developmental assessments improves prediction of later-stage development.

Materials and Methods
Sample
We enrolled infants (n=16) born at 24-34 weeks gestational age with IRB
approval and parental informed consent, in accordance with the Declaration of Helsinki.

Developmental Assessments
The STEP was administered at term (37-42 weeks) and at 3-months. The STEP is
composed of ten items with maximum total score of 30. STEP cutoff scores for low and
below normal 12-months Bayley-III scores are ≤ 16 (term) and ≤ 22 (3-months) (Gower
et al., 2019).
We assessed neurodevelopment at 12-months by Bayley-III (n=15). Below
normal or low Bayley-III gross motor and cognitive scaled scores are defined as < 9 and
1 standard deviation below the mean (Duncan et al., 2015; Vohr et al., 2012).

Image Acquisition and Processing
We performed MRIs at 38-44 weeks on 3T Tim Trio (Siemens Healthineers,
Erlangen, Germany) on unsedated infants, as previously described (Bentzley et al., 2015).
We acquired single-voxel 1H-MR spectra using point-resolved spectroscopy (TR = 2000
ms, TE = 30 and 270 ms, 128 signal averages). Data were acquired using an isotropic
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voxel (15 mm)3 in the left BG and right frontal WM (Figure S1, top row) for TE = 30 ms
and in the right frontal WM for TE = 270 ms. A single voxel (14.37 mm)3 extracted from
the left BG region of a multi-voxel point-resolved spectroscopy chemical shift imaging
scan (TR = 1700 ms, TE = 270 ms, 16x16 grid and 1 signal average). All voxels were
placed (or extracted) in regions that had no apparent lesions.
LCModel (Provencher, 2001) quantified metabolite ratios to Creatine using a
simulated metabolite basis set (Moss et al., 2018) generated with VeSPA (B.J. Soher,
2011) with any additional metabolite ratios computed from these (Figure S1, bottom
row). Processed spectra were visually inspected for quality of fit and metabolite ratio
inclusion criterion was Cramer-Rao lower bound < 20%. For the TE = 30 ms spectra, the
mean ± standard deviation (median, min-max) of the FWHM was 0.044 ± 0.033 (0.041,
0.014 – 0.114) with SNR 10 ± 3 (10, 4 – 14) for the BG and 0.055 ± 0.038 (0.043, 0.014
– 0.114) with SNR 10 ± 3 (9, 6 – 16) for the WM. For the TE = 270 ms spectra, the
FWHM was 0.069 ± 0.039 (0.060, 0.014 – 0.143) for the BG with SNR 8 ± 3 (8, 4 – 14)
and 0.045 ± 0.032 (0.038, 0.010 – 0.124) for the WM with SNR 5 ± 2 (4, 2 – 9).
We obtained DKI data with (2.7 mm)3 isotropic voxels, TE = 99 ms, TR = 4800
ms, and b = 0, 1000, 2000 s/mm2 with 64 diffusion-encoding directions per nonzero bvalue shell, and 37 contiguous axial slices per image volume, and 10 additional nondiffusion weighted images (b = 0 s/mm2). After removing image volumes and gradient
directions corrupted by excessive head motion (on average, 13 ± 12 volumes were
removed), we used the DESIGNER pipeline (Ades-Aron et al., 2018; Andersson et al.,
2016b; Andersson and Sotiropoulos, 2016; Gudbjartsson and Patz, 1995; Kellner et al.,
2016; Tabesh et al., 2011; Veraart et al., 2016; Veraart et al., 2013) to perform a DKI
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analysis that calculated fractional anisotropy (FA), mean, axial and radial diffusivity, and
by mean, axial and radial kurtosis, and kurtosis FA (KFA) (Glenn et al., 2015b; Hansen,
2019; Hansen and Jespersen, 2016; Hui et al., 2015; Jensen and Helpern, 2010). DKI data
were fit globally to obtain best estimates for both the diffusion and kurtosis tensors along
with their associated diffusion metrics (Figure 4.1).

Figure 4.1 An axial slice from a representative subject showing rotationally invariant tensor quantities
calculated from the DKI analysis. The top row shows the mean, axial and radial diffusivity and
fractional anisotropy (MD, D||, D^ and FA, respectively). The bottom row shows the corresponding
kurtosis metrics (MK, K||, K^ and KFA). Diffusivity quantifies the degree of water mobility while
kurtosis is a measure of complexity of water diffusion within the tissue microenvironment. Kurtosis
provides more detail in sparsely myelinated infant brain. The MD, D||, and D^ have units of µm2/ms
with the remaining metrics being unitless.

ROI Placement
Bilateral WM ROIs (n = 8) were manually drawn using each subject’s FA image
for anatomical reference in anterior and posterior limb of the internal capsule (PLIC),
external capsule, uncinate fasciculus, inferior fronto-occipital fasciculus (IFOF), posterior
thalamic/optic radiations (PTR), and the corpus callosum (genu/splenium, g/sCC, Figure
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Figure 4.2 Representative WM ROIs overlain on an FA image for one subject. Far left: uncinate
fasciculus (orange); posterior thalamic/optic radiations (pink). Middle row: inferior frontooccipital fasciculus (green); posterior limb of internal capsule (light blue); Far right: anterior
limb of internal capsule (blue); external capsule (yellow); genu corpus callosum (red); splenium
corpus callosum (light green).

4.2). A clinical pediatric neuroradiologist verified correct ROI placement. Lastly, a total
WM ROI was created by combining these individual ROIs.
Statistical Analysis
Multiple linear regression (SAS 3.8) was performed with STEP at term or 3months as the response variable and DKI-derived metrics as predictor variables.
Gestational age at birth and MRI were included in all models to account for degree of
prematurity. Using the DKI metrics, the STEP was modeled in two ways:
1) For a single ROI, each diffusion parameter was averaged separately over all
voxels and included as an independent covariate (e.g., STEPterm = FAsCC + MDsCC +
MKsCC). This approach yields a parsimonious model wherein a single WM tract could be
sampled with several different diffusion parameters to model prognosis in a clinical
setting.
2) To assess if global brain dysmaturity or injury is more important to functional
outcome prediction, we used a single diffusion metric averaged within each ROI as the
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covariates in the models (e.g., STEPterm = FAsCC + FAPTR + FAPLIC). This allowed us to
determine if an individual diffusivity or kurtosis parameter in major WM tracts could
improve model predictions for parsimonious sampling compatible with clinical settings.
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Model Selection
We selected models for best goodness-of-fit via larger adj-R2 and smaller AIC. The
difference in AIC from full versus simpler models (DAIC) were calculated with p-value, p
= exp(-DAIC/2) (Akaike, 1973). The model that minimized the AIC (Burnham, 2004) and
maximzied the DAIC between full and simple models with p < 0.05 was selected as the
most parsimonious model.
Results
Demographics
There were 16 DKI scans met our inclusion criteria. Mean age at MRI scan was
41.9 ± 1.5 weeks. Many infants had CNS conditions that may affect neurodevelopment
(Table 4.1).

Figure 4.3 Plots showing measured STEP scores at term or 3-months versus modeled STEP scores
using FA for diffusivity (left columns) or KFA for kurtosis (right columns) to predict STEP. KFA
and FA models show the best fit to measured STEP scores primarily from combining metrics in the
external capsule (yellow) and the PTR (purple). Goodness-of-fit metrics of adj-R2 and AIC are
noted with each model. While both FA and KFA predict STEP function over 3-months of
development, KFA performs better in the model than FA (higher R2 and lower AIC): for STEP at
term: DAIC = 6.22, p < 0.05; and for STEP at 3-months: DAIC =18.31, p < 0.001). All models are
corrected for gestational ages at birth and at MRI.
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FA and KFA correlate with STEP
We found a strong linear relationship between diffusivity or kurtosis parameters
and STEP scores. Of note are FA and KFA (Figure 4.3): KFA showed a significant
improvement over FA in predicting concurrent functional performance, although FA
models included fewer ROIs. The KFA also outperformed all the other diffusion metrics
at both STEP timepoints. Most metric models resulted in models with adj-R2 > 0.70,
indicating very strong correlations.

Figure 4.4 Scatter plots of the measured STEP score (x-axis) against the estimated STEP score (yaxis) from multiple linear regression models for individual white matter tracts. Models were
performed for each ROI and for both STEP timepoints separately, with covariates of the averaged
diffusivity and kurtosis metrics.

For the ROI centered approach, we found that many individual WM tracts had
moderately strong linear relationships with STEP scores (adj-R2³0.60). The IFOF
modeled STEP term (adj-R2=0.86, AIC=8.86) and gCC modeled STEP 3-month (adjR2=0.74, AIC=25.38), similar to the total WM ROI (adj-R2=0.74, AIC=25.47) across
diffusion metrics (Figure 4.4). We found that kurtosis metrics contributed more than
diffusivity to models.
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DKI improves STEP predictions Bayley-III scores
We found that FA and radial and mean kurtosis were the best diffusion metrics to
combine with STEP scores in predicting Bayley-III scores (Figure 4.5). For gross motor
scores, FA improved the STEP alone model significantly at term and 3-months (both DAIC
> 41, p < 0.001) as did radial kurtosis (both DAIC > 26, p < 0.001). For cognitive scores,
FA significantly improved the STEP alone model at term and 3-months (both DAIC > 4, p
< 0.001), as did mean kurtosis (both DAIC > 27, p < 0.001).

Figure 4.5 Measured 12-month Bayley-III gross motor (left columns) and cognitive scores (right
columns) compared against the modeled Bayley scores, using an individual diffusivity (top panels) or
kurtosis (bottom panels) parameter across various WM ROIs. Using this diffusion parameter approach,
FA (left), MK (center) and K^ (right) combined with STEP strongly predict both motor and cognitive
Bayley scores, adjusted for gestational ages at birth and MRI.

For the ROI centered approach, various combinations of kurtosis and diffusivity
metrics within individual ROIs improved predictions of Bayley-III gross motor and
cognitive scores compared with the STEP only models. For parsimony and simplicity,
models using either PTR and IFOF with STEP scores had the lowest AICs for predicting
Bayley motor scores (Figure 4.6), and improved the model fit over the STEP alone (at
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term: DAIC > 30, p < 0.001; at 3-months: DAIC > 28, p < 0.001). The gCC and external
capsule with STEP scores also mproved prediction Bayley cognitive scores over STEP
alone (at term: DAIC > 18, p < 0.001; and at 3-months: DAIC > 14, p < 0.001).

Figure 4.6 Measured 12-month Bayley-III gross motor (left columns) and cognitive scores (right
columns) plotted against the modeled Bayley scores, using STEP at term (top rows) or 3-months
(bottom rows) + diffusivity and kurtosis metrics within individual WM ROIs to predict function. Using
this ROI-centered approach, the PTR and IFOF metrics combined with STEP score result in the best
predictive models, adjusted for gestational ages at birth and MRI. Compared with STEP alone
predictive models, diffusivity and kurtosis in individual WM ROIs greatly improve the STEP model fit
for both Bayley-III gross motor and cognitive test scores at 12-months.

Discussion
During early life after preterm birth, brain injuries as well as alterations in gray
and WM maturation occur that influence later development of motor and cognitive skills.
Influencing

neuroplasticity

to

improve

outcomes

requires

understanding

the

neuroimaging representations of brain injuries and their relation to functional movements
during early infancy. Using DKI parameters at term age equivalent, we show that
metabolomics for healthy neurons and microstructural integrity correspond to concurrent
performance on the STEP early developmental assessment, and that neuroimaging
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combined with the STEP improves prediction of future motor and cognitive scores
compared with the STEP alone. Better predictive models would allow testing
interventions at a very early period to optimally harness neuroplasticity. Our data
highlight the potential for prognostication using the STEP and term-age quantitative
neuroimaging and serves as a guide for metric selection. Our data provide proof of
concept that quantitative MRI of the developing brain is vitally important in prognosis.
ROIs (IFOF, PTR and gCC) were also strongly correlated with STEP
performance (Figure 4.4) indicating that visuomotor and sensorimotor integration
pathways are critical in early development of motor skills. IFOF and PTR with the STEP
also predicted later motor function, while the gCC and external capsule contributed
strongly to STEP prediction for later cognitive function (Figure 4.6). The best WM tracts
for prognostication from our study (IFOF, PTR and gCC), are readily identified and ROIs
are easily placed by clinical neuroradiologists on standard anatomical MR images or
ROIs registered with an appropriate WM atlas.
Most quantitative clinical investigations utilize diffusion tensor derived FA that
measures the directional dependence of water diffusion in a Gaussian distribution. FA
increases non-linearly with axon myelination, packing and maturation that plateaus
around 2 years of age (Paydar et al., 2014; Shi et al., 2019). However, the diffusion tensor
neither accounts for non-Gaussian cellular factors nor fully characterizes microstructure
across the spectrum of development. In estimating the kurtosis tensor, we capture the
non-Gaussian spin displacement that corresponds to cellular and tissue heterogeneity
within WM microstructure, different from DTI (Gadin et al., 2012; Jensen and Helpern,
2010; Steven et al., 2014). Kurtosis metrics show a nonlinear relationship with age
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(Paydar et al., 2014; Shi et al., 2019), and increase with intracellular complexity, cell
density and myelination due to further restrictions on water movement. Radial kurtosis in
particular, increases more quickly during development than its diffusivity counterpart, as
myelin restricts diffusion across the axon (Shi et al., 2019). KFA is mathematically
analogous to FA, but the kurtosis tensor provides complementary, more detailed
directional variation on anisotropy information (Hansen, 2019; Hansen and Jespersen,
2016). Thus, unlike FA, KFA measurements are sensitive to higher order angular
variations in WM fiber orientations (Glenn et al., 2015b; Hansen, 2019) as are found in
fiber crossing regions (Hansen and Jespersen, 2016).
In our study, KFA outperformed FA in representing early function via STEP
performance (Figures 4.3), suggesting that complex WM cellular barriers or fiber
crossings are important in the early ability to move with normal tone. Although not
widely utilized, kurtosis metrics may be better markers for WM tract injury and health in
the largely unmyelinated brain of infants, than diffusivity metrics such as FA. When
predicting future gross motor and cognitive performance (Figure 4.5), however, FA
provided better results, followed closely by the KFA, radial kurtosis (gross motor) and
mean kurtosis (cognitive). Taken together, our data support that kurtosis information may
significantly add to conventional FA, in understanding the complexity of WM
development at term-age.
Limitations of our study include our sample size, which precluded assessing
whether brain dysmaturity or specific sites of injury were more important in
neuroimaging models and any contributions of sex. Also, 12-months is a typical time for
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general developmental delays to manifest but is not optimal for diagnosing cerebral
palsy.
Our neuroimaging data provide proof of concept that the STEP reflects preterm
brain dysfunction, dysmaturation and/or injury. These data suggest that DKI can augment
the STEP at term age in prediction of long-term motor and cognitive development. If
validated in a larger cohort, quantitative neuroimaging and STEP assessments may be
utilized as surrogate endpoints in clinical trials and facilitate earlier intervention for
infants at high-risk of developmental delays.
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5
Neonatal neuroplasticity seen with DKI
due to taVNS paired bottle feeding
……………………

Moss, H. G., Dancy, M., Huffman, S., Cook, D., Thompson, S., Devries, W., O’Leary,
G. H., Jensen, J. H., George, M. S., Badran, B. W., Jenkins, D. D. Difffusional Kurtosis
Imaging of Neonatal Neuroplasticity from Transcutaneous Auricular Vagus nerve
Stimulation Paried with Bottle Feeding. (under review at Brain Simulation).
Introduction
Infants born preterm or infants with hypoxic ischemic encephalopathic (HIE) show brain
dysmaturation and injury, which may result in motor impairment. The oromotor deficits
manifest as poor performance in learning the fundamental feeding task of suck, swallow
(Lau et al., 2003). Poor oromotor feeding skills correlate with longer-term
neurodevelopmental delays, including in speech and language (Adams-Chapman et al.,
2013; Malas et al., 2015). Failing oral feeding after term age equivalent leads to
prolonged hospital stays or surgical placement of a gastrostomy tube (G-tube) for direct
gastric feeding. With greater survival of preterm and HIE infants, G-tube insertion rates
have increased dramatically (Hatch et al., 2018; Khalil et al., 2017; McSweeney et al.,
2015).
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A critical neuroplastic developmental window may exist to learn the motor
sequence for oral feeding (Huang et al., 2015; Ismail et al., 2017). If infants are too ill to
orally feed before term age equivalent, learning the complex motor sequence may be
difficult.

Infection, ischemia, or dysmaturity may also actively inhibit the synaptic

plasticity required for acquiring this skill (Favrais et al., 2011). Other than practicing
bottle feeding with therapists, there are no therapies directed at the term age equivalent
infant who is failing to make progress in feeding. Invasive cervically implanted vagus
nerve stimulation (VNS) is a form of neuromodulation that enhances neuroplasticity by
facilitating cortical reorganization and neurogenesis (Dawson et al., 2016; Engineer et al.,
2015; Porter et al., 2012). Transcutaneous auricular VNS (taVNS) is a similar although
noninvasive form of VNS, targeting the auricular branch of the vagus nerve (Badran et
al., 2019; Badran et al., 2018a), activating both afferent and efferent networks (Badran et
al., 2018b; Badran et al., 2018d). Pairing VNS or taVNS with motor function enhances
plasticity and functional motor recovery in animals and patients with limb impairment
after stroke or brain injury (Dawson et al., 2016; Hays et al., 2014a; Hays et al., 2014b;
Khodaparast et al., 2014; Khodaparast et al., 2016; Pruitt et al., 2016; Redgrave et al.,
2018). Therefore, both animal and adult human data support the likely efficacy of VNSpaired with motor rehabilitation on neural plasticity.
Our scientific premise is that taVNS paired with appropriate bottle feeding may
enhance neuroplasticity resulting in increased white matter (WM) tract integrity in infants
who are able attain full feeds with treatment. In this prospective, open-label trial of
taVNS-paired oral feeding in neonates and infants with oromotor dyscoordination, we
performed diffusion MRI, specifically, diffusional kurtosis imaging (DKI) (Jensen and
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Helpern, 2010), at the beginning and end of the 2-3 week treatment period. DKI
indirectly assesses brain tissue microstructure non-invasively through tensor-derived
rotationally invariant diffusivity and kurtosis parameters (Tabesh et al., 2011) that may
serve as indicators for WM health and integrity. Kurtosis may be particularly sensitive to
changes in microstructural complexity of the developing, largely unmyelinated, neonatal
brain. We hypothesized that there would be greater differences in diffusion parameters
per week of development in specific early myelinating WM tracts after taVNS paired
feeding treatment in infants who attained full oral feeds than in those that received Gtubes. Additionally, we tested whether DKI prior to taVNS treatment could predict the
response status prior to treatment.
Methods
Study Overview
This study was conducted at the Medical University of South Carolina (MUSC)
and was approved by the MUSC Institutional Review Board,and registered on
clinicaltrials.gov (NCT04643808). After obtaining consent, we enrolled 35 subjects who
were consulted for G-tube placement in a prospective, open-label phase 0 trial to
determine the feasibility, safety, and effect size of a novel taVNS-paired oromotor
rehabilitation paradigm in neonates with oromotor dyscoordination. We reported on
feasibility, safety and oral feeding outcomes in the first 14 subjects in this trial in
previous publications (Badran et al., 2020; Badran et al., 2018c). This report comprises a
subgroup of 20 infants who had neuroimaging performed before and after the taVNS
treatment course. Our primary outcomes were improved oral feeding volumes and
attaining full oral feeds adequate for discharge thereby avoiding G-tube implantation.
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Participants
The 20 infants (8 male, 12 female) of this sub-study were either premature (≤ 33
weeks gestation at birth, n = 12) or suffered global HIE or suffered other brain injury (n =
8) and failed to make progress in oral feeding volumes as to be clinically determined to
require a G-tube for direct gastric feeding prior to discharge from the hospital. We
excluded infants who were unable to attempt every feed by mouth, clinically unstable, on
significant respiratory support with frequent bradycardia or apnea events, or who had
cardiomyopathy.

Transcutaneous Auricular Vagus Nerve Stimulation (taVNS)
Stimulation was administered using a constant current electrical nerve stimulator
(Digitimer DS7AH, Digitimer LTD) connected to custom designed neonatal ear
electrodes to deliver electricity to the auricular branch of the vagus nerve (Cook et al.,
2020). Electrodes were designed targeted the anterior wall of the ear canal (anode) and
the tragus (cathode). Stimulation was triggered manually for some participants, or via a
novel closed-loop electromyography (EMG) triggering system for participants others
(Cook et al., 2020). The closed-loop trigger system was developed to more accurately
pair stimulation trains with coordinated suck-swallow oromotor activation. Real time
EMG recordings were used to trigger taVNS stimulation based on masseter activation
during suck-swallow. EMG leads were placed on the masseter (recording), frontal
eminence (reference) and in the center of the forehead (common).
taVNS was administered using the following stimulation parameters: 25 Hz
frequency, 500 𝜇s pulse width, at an intensity of 0.1mA below perceptual threshold (PT).
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We determined PT by increasing the stimulation current in 0.1mA increments while
monitoring if the infant perceived the stimulation. This was indicated by shrugging,
change in facial expression, or fidgety movements. These are parameters we determined
to improve feeding outcomes in our clinical trial (Badran et al., 2020) and other
behavioral interventions (Thompson et al., 2021). A custom MATLAB program recorded
pulses and current intensity delivered during each session to verify total stimulation
administered during each session.

taVNS-Paired Feeding Protocol
We delivered taVNS once (n = 9) or twice (n = 11) a day during a bottle feed,
timed with observed sucking and swallowing. Stimulation was ‘ON’ with nutritive
sucking and swallowing, and ‘OFF’ with rest or burping; this was done for the duration
of the feed, up to thirty minutes. We monitored increases in Neonatal Infant Pain Scale
(Lawrence et al., 1993; Witt et al., 2016) scores and changes in heart rate (HR) on
bedside monitors for a transient decrease in HR due to vagus nerve engagement. The
initial treatment period was two weeks, with the possibility to continue if substantial
progress was being made. If oral feeds had not progressed after three weeks of taVNS,
the parents and the clinical team made decisions about timing G-tube placement.

Neuroimaging
DKI data were gathered from infants on a 3T MAGNETOM Skyra MRI scanner
(Siemens Healthineers, Erlangen, Germany) before and after the course of taVNS
treatment. Imaging parameters were isotropic (3 mm)3 voxels, an echo time of 141 ms, b56

values of 0, 1000 and 2000 s/mm2, and 30 diffusion-encoding directions per non-zero bvalue. PyDesigner software (https://github.com/m-ama/PyDesigner) was used for image
processing, tensor estimation and rotationally invariant parametric map calculation.
Diffusion parameters calculated and used in our analysis included mean, axial and radial
diffusivity (MD, D|| and D^) and the fractional anisotropy (FA), along with their kurtosis
analogs, mean, axial and radial kurtosis (MK, K|| and K^) and kurtosis fractional
anisotropy (KFA).

Primary Outcome Measures
The primary clinical outcome of this study was a binary endpoint of full oral feeds
or G-tube implantation. Responders (R) were subjects who were able to increase and
maintain full oral intake for 4 days (> 120ml/kg/d) and gain adequate weight for
discharge. Infants who received G-tubes for inadequate intake were classified as nonresponders (NR). The primary neuroimaging outcomes were paired t-tests of their
baseline and post-treatment differences and change per week of treatment between R and
NR, as well as binomial logistic regression modeling for response to treatment using
diffusivity and kurtosis metrics.

Statistical Analysis
Alignment into John’s Hopkins neonatal atlas space (Oishi et al., 2011) used a
modified form of the FSL TBSS pipeline (Ball et al., 2013a). The bilateral WM regionsof-interest (ROI) used in our analysis were acquired from this neonatal atlas. For each
ROI, we masked and averaged the core WM voxels using the FA skeleton mask at a 0.12
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threshold (selected for deep neonatal WM) from the TBSS pipeline. We calculated
difference maps and normalized by the gestational age difference between pre- and postDKI scans. Paired t-tests were performed for each diffusivity and kurtosis parameter for
each ROI with the comparison groups defined as responders and non-responders to
treatment. Additionally, the average value of an ROI for each subject acted as the
independent variable of a logistic regression model while adjust for IDM status. Other
covariates of sex and gestational age were not significant so were excluded from the final
model. Significance was defined as p < 0.05. Multiple comparison correction was not
performed due to our small sample size and the exploratory nature of the study.
Results
Demographics
Twelve infants born preterm and eight near-term/term infants with HIE or brain
injury had pre- and post-taVNS treatment DKI data. Clinical characteristics of this
subgroup are noted in Table 5.1. At study entry infants were more than 3 weeks past term
equivalent age if preterm (43.7 ± 4.4 weeks) and at term age equivalent if near term/term
(41.2 ± 2.4 weeks). Oral feeds were attempted for an average of 40 ± 22 days before
study enrollment (preterm, 48 ± 25 days; near term/term brain injury 29 ± 11 days). Prior
to enrollment in this research trial, the clinical team had approached all parents about Gtube placement.
CNS insults or abnormalities were prevalent (17/20) and consisted of
intraventricular (IVH, grade 1-2, n = 8) or cerebellar hemorrhage (n = 1), WM infarction
or periventricular leukomalacia (n = 3), hydrocephalus (n = 2), lenticulostriate
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vasculopathy (n = 3), venous malformation (n = 1), acute HIE (n = 6) and microcephaly
(n = 2). Half of the infant (10/20) had sepsis complicating their neonatal course, which is
associated with WM neuroinflammation and infarction, and worse neurodevelopmental
outcomes (Alshaikh et al., 2013; Bakhuizen et al., 2014; Bright et al., 2017; Dubner et al.,
2019).
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Feeding Outcomes
Of the twenty subjects with complete MRI data in this cohort nine infants attained
full oral feeds with taVNS-feeding paired rehabilitation (mean of 11 ± 7 days of
treatment), and eleven did not. This 45% response rate is lower than in the parent trial
(54%) (Badran et al., 2020).

Diffusion compared by taVNS response group
We examined if infants who reached full oral feeds with taVNS had significantly
greater changes in diffusivity or kurtosis than those who received a G-tube. Using t-tests,
we observed that following taVNS treatment course, FA in the right superior longitudinal
fasciculus (SLF, p = 0.050) and K^ in the right lower corticospinal tract at the level of the

Figure 5.1 Change in diffusion following taVNS-paired bottle feeding. Comparing non-responders
(received G-tube) and responders (those who met full oral feeds), there are significantly greater
increases in the average change for fractional anisotropy (DFA, left panel) in the right superior
longitudinal fasciculus (SLF, p = 0.050) and for the radial kurtosis (DK^, right panel) within the right
cerebellar peduncle portion of the corticospinal tract (CSTcp, p = 0.044). Each subject’s difference
was normalized by the number of weeks between pre- and post-treatment MRI. Change in FA in SLF
in healthy term newborns is 0.05 to 0.09/week (Dubois, Hertz-Pannier et al. 2006, Dubois, DehaeneLambertz et al. 2008).
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cerebellar peduncle (CSTcp, p = 0.044), increased more per week in responders
compared to non-responders (Figure 5.1).
On the baseline MRI, the K^ was significantly higher in the right hemisphere
external capsule (EC, p = 0.048) of infants who met full oral feeds compared to those
who did not from taVNS-paired bottle feeding (Figure 5.2).

Figure 5.2 Pre-treatment radial kurtosis (K^) in the right external capsule (EC) was significantly
increased (p = 0.048) prior to taVNS-paired bottle feeding in those who achieved full oral feeds
(responder) compared to those who received a gastrostomy tube (non-responder).

Modeling treatment response with DKI
To model the probability to respond to treatment (i.e., full oral feeds versus Gtube), we employed binomial logistic regression with either pre- or post-treatment DKI
while adjusting for IDM status. Achievement of full oral feeds was significantly
differentiated (Figure 5.3) using pre-treatment MK in the CSTcp, left (p = 0.0280) and
right (p = 0.0273), adjusting for IDM status (p = 0.0251).
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Figure 5.3 Mean kurtosis (MK) in the corticospinal tract at the cerebellar peduncle (CSTcp) does well in
discerning full oral feeds in taVNS-paired bottle feeding with a logistic fit. Left: MK study template (top
panel) and binary mask images for the left (blue) and right (red) WM CSTcp overlaid on the fractional
anisotropy study template (bottom panel). Right panel: Binomial logistic regression model fit for the
probability of achieving of full feeds (responder) with paired-taVNS in infants who cannot self-feed
(non-responder). Non-Responder (0) or Responder (1) with independent variables including the MK
averages of both the (p = 0.0280) and right (p = 0.0273) CSTcp. Additionally, infants of diabetic
mothers (IDM) status (p = 0.0251) was also included as a model covariate. Except for two outliers, the
model discerns the taVNS outcome groups.

Discussion
In this phase 0 pilot trial of taVNS-paired feeding in infants who were candidates
for G-tube placement, we investigated whether taVNS-paired oromotor activity changed
WM microstructure. We assessed this by looking at diffusivity and kurtosis metrics
before and after taVNS treatment. Our data demonstrates that FA in the SLF and K^ in
the CSTcp are significantly higher after treatment in responders than in non-responders.
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Further, the pre-treatment K^ values in the lower CSTcp and EC differentiated
responders from non-responders.
taVNS paired with oromotor training to assist in neonatal feeding has a direct
effect on central neurocircuitry. Our clinical study has been recapitulated in a recent
preclinical study, that showed enhanced cortical motor plasticity in rats when moderate
intensity VNS was paired with chewing movements (Morrison et al., 2021). In other
motor skill training post stroke, paired upper extremity training with cervical vagus nerve
stimulation showed task-specific changes in the rat motor cortex (Hays et al., 2016;
Porter et al., 2012), and improved upper extremity function compared with rehabilitation
alone in human adults in a randomized, controlled, triple-blinded pivotal trial (Dawson et
al., 2021). The imaging results in this current study also suggest that pre-existing injury
measured by sensitive kurtosis metrics in specific CNS areas may indicate response to a
taVNS-paired feeding activity.
The mechanistic basis for CNS plasticity with various forms of VNS is well
established. VNS modulates acetylcholine and norepinephrine neurotransmitters in the
nucleus tractus solitarius (NTS) and locus coeruleus (LC), respectively, both of which are
required for synaptic reorganization and cortical recruitment of motor and sensory
neurons. The pairing of stimulation with specific training likely leads to specificity of the
induced neuroplasticity over and above that of training alone (Engineer et al., 2015; Hays
et al., 2014b).
These synaptic and cortical motor plastic changes potentially can be captured
before and after training protocols with diffusional kurtosis MRI (Zatorre et al., 2012). In
this cohort we show DKI changes in WM microstructure that occur over a relatively short
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period of time (2-3 weeks) around taVNS treatment in the largely unmyelinated brain of
infants. Fields has shown that axonal action potentials regulate the expression of growth
factors and cell adhesion molecules (Fields and Itoh, 1996), and other axon-glial
signaling cascades. These, in turn, influence targeted axonal growth, as well as attracting
pre-myelinating oligodendroglia and astrocytes to preferentially myelinate active axons
(Fields, 2015; Wake et al., 2011; Wake et al., 2015). Acetylcholine signaling, as has been
shown with VNS, is strongly implicated in activity dependent myelination and
sensorimotor learning in the developing brain (Fields et al., 2017). Therefore, taVNS in
neonates and infants may trigger cellular events that increase axonal maturation and
strengthen the activated synapses leading to more mature, stable WM tract circuits even
before major myelination commences (Ouyang et al., 2019).
Normal developmental changes per week have been described for FA in major
WM tracts, and are significantly lower in preterm infants than in healthy full term infants
(Pogribna et al., 2013). Our cohort has failed to learn the motor skills required for oral
feeding by term age equivalent, thereby already exhibiting significant motor delays,
placing them at even higher risk for future motor problems. Their changes in FA per
week in the SLF, for example, are less than expected with normally developing preterm
infants, likely due to WM injury. Diffusion imaging of compromised WM tract
microstructure has shown that WM injury can impair neural circuit synchronization,
which then causes delayed motor reaction time in children (Bells et al., 2017). Thus, WM
microstructural injury or dysmaturity, which is not obvious on standard MRI, is likely
operative in our cohort of poor feeding infants.
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Global WM injury is difficult to detect by standard anatomical MRI in the largely
unmyelinated brain. It may be suggested that higher order kurtosis measurements may
capture tissue complexity better than diffusivity metrics in the developing brain of
neonates and preterm infants with ongoing myelination in major WM tracts. As a
generalization, the kurtosis tensor captures non-gaussian information on water
movement, due to barriers and such, not accessible with the diffusion tensor alone
(Jensen and Helpern, 2010). The K^ in non-acute injury may capture information on the
complexity and heterogeneity of the intracellular microenvironment in WM bundles,
membrane scaffolding, and radial microarchitecture important to axonal integrity (Steven
et al., 2014). As with FA, lower kurtosis metrics in preterm infants at term age equivalent
may serve as indirect measures of compromised WM and injury. Our data shows the
sensitivity of kurtosis in assessing taVNS effects on tissue integrity in specific WM tracts
related to motor and sensorimotor integration.
The pre-treatment MRI shows that injury manifests as lower kurtosis metrics in
CSTcp and EC WM tracts and may potentially indicate whether the infant might benefit
from taVNS-paired motor learning. While training in feeding skills may stimulate repair
of the injured WM, we expect enhanced microstructural changes in these infants if taVNS
is able to influence the synaptic circuits involved with the paired motor activity. In the
infants who achieved full oral feeds, higher FA in the SLF and increased K^ in the
CSTcp suggest that plasticity can be activated by taVNS-paired feeding but may be
blocked in infants with lower WM integrity prior to treatment. Although this was not a
controlled trial, our paired DKI data suggest that taVNS can modify microstructure and
complexity of WM tracts in infants who attain full oral feeds and that pre-treatment
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kurtosis in the CSTcp and EC seem to carry information relating to response to taVNS
paired feeding.
Sensory input is key to efficient coordination of motor activity during sucking
milk from a bottle. WM tracts that are important in planning complex motor movements,
such as the SLF, are known to connect somatosensory information of the different body
areas with spatial attention, language articulation and regulation of motor working
memory (Ouyang et al., 2019). We found greater FA in the SLF after treatment in infants
who attained full oral feeds compared with those that didn’t. This could indicate a greater
number or coherence of axons and perhaps greater pre-myelination membrane changes.
Increased FA in the right SLF is associated with greater attentional skills in children
(Klarborg et al., 2013) and in adolescents born premature without obvious brain injury on
MRI scans (Frye et al., 2010). Enhancing cerebral plasticity in CSTcp and in SLF with
taVNS paired with oromotor function may impact shorter and longer term
neurodevelopment, including language skills.
Limitations of this study include the smaller sample size and the lack of a control
group. The taVNS methodology across this cohort was also adjusted slightly to refine the
stimulation protocol (Badran et al., 2020; Cook et al., 2020).
With novel diffusional kurtosis imaging, we demonstrate that pre-existing injury
in the CSTcp may influence MK which differentiated whether infants failing oral feeds
will attain full feeds after a treatment course pairing taVNS with the motor sequence of
suck, swallow, breath. With significant increases in WM microstructure in the CSTcp and
SLF after taVNS treatment in the responders, taVNS may enhance neuroplasticity of
feeding

in

some

infants

who

otherwise
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would

receive

a

G-tube.

6
DKI in hypoxic-ischemic encephalopathy
……………………

Introduction
Hypoxic ischemia from reduced cerebral blood flow results in neonatal brain injury
(Mahdi et al., 2018) that can be aggravated by pre-existing fetal neuroinflammation from
intrauterine oxidative stress or infection (du Plessis and Volpe, 2002). In term neonates,
hypoxic ischemic encephalopathy (HIE) occurs at a rate of 1-3 per 1000 live births
(Berger and Garnier, 2000; Gale et al., 2017; Hagberg et al., 2016; Kurinczuk et al.,
2010). Currently, the only evidence-based treatment for HIE is therapeutic hypothermia
(TH) for 72h. Hypothermia is effective in reducing the incidence of cerebral palsy (CP)
and some cognitive deficits (Azzopardi et al., 2014; Campbell et al., 2018; Pappas et al.,
2015), but offers incomplete neuroprotection with residual abnormalities in 55% infants
involving motor abilities, IQ, executive functioning, vision or speech, and neuro-behavior
(Novak et al., 2017). For improving outcomes further, additional treatments are targeting
the oxidative stress and apoptosis that persist for weeks in some infants with HIE (Adams
et al., 2021; Jenkins et al., 2021; Moss et al., 2018) but there are few methods to
accurately quantify response to treatment. Methods that accurately identify areas of
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neonatal brain injury and predict clinical outcomes, could be used as acute and
intermediate outcomes in therapeutic trials.
Accurate prognostication is much more difficult in neonates after HIE than in adults
after stroke as the latter show immediate deficits in function. Neonates cannot yet
demonstrate many of the motor, cognitive and behavioral skills that will later manifest as
developmental deficits. Precisely defining the functional deficits is impossible in the
period of early infancy when targeted, acute and

more chronic rehabilitative

interventions could optimize neuroplasticity and recovery. Advanced quantitative
diffusion neuroimaging methods may offer improved prognostic tools to fill these gaps
and facilitate clinical translation of promising therapeutics and early targeted
interventions.
Neonatal MR brain imaging for HIE routinely includes diffusion MRI (dMRI) in
order to highlight ischemic regions (Novak et al., 2017), but only qualitatively and with
poor inter-reader reliability (Chang et al., 2020). Measuring the dMRI signal in many
different directions allows for more quantitative dMRI analysis methods that approximate
the true diffusion probability distribution function. One such method is diffusion tensor
imaging (DTI) (Basser et al., 1994b) which requires a minimum of 6 different diffusion
encoding directions to construct the apparent diffusion tensor. DTI assumes that a
Gaussian probability distribution function (i.e., monoexponential decay) can accurately
describe the diffusion which is a well-established caveate requiring the diffusion
weighting (i.e., b-value) stay under 1000 s/mm2 in brain tissue. Above this b-value, nonGaussian effects arise which are neglected by DTI such that it may fail to show contrast
and, therefore, be insensitive to microstructural changes in the largely unmyelinated,
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injured developing brain. While limited in scope DTI has been widely applied in clinical
research using pure diffusion metrics such as the mean diffusivity (MD) related to the
amplitude of diffusion and the fractional anisotropy (FA) reflecting the degree of
diffusion anisotropy.
Diffusional kurtosis imaging (DKI) (Jensen et al., 2005) is an extension of DTI that
accounts for the non-Gaussian nature of brain water diffusion. The observed deviation
away from a Gaussian distribution comes due to barriers such as cell walls, intracellular
cytoarchitecture, and subcellular structures. The dimensionless summary statistic kurtosis
quantifies the amount of complexity within the tissue with higher kurtosis values reported
when there is greater obstruction to water diffusion. In contrast, the MD will be higher
when there is no obstructions, such as is in the ventricles. A DKI analysis estimates both
the diffusion and kurtosis tensors and with the additional information can provide metrics
such as the mean kurtosis (MK), the average kurtosis over all directions, and the kurtosis
fractional anisotropy (KFA), the amount of anisotropy in the kurtosis tensor alone. In
WM where multiple axon fiber crossings are present, directional variation in the
measured water movement can result in lower FA values (Dudink et al., 2014; Vos et al.,
2012; Vos et al., 2011). An extreme case, for instance, would be a voxel in which
multiple axon bundles, individually having high anisotropy, cross perpendicularly leading
to low FA. While more sensitive to noise variations, the KFA does not suffer from the
well-known crossing fiber issue of FA as they independently highlight different aspects
of anisotropy within the tissue (Glenn et al., 2015b).
In neonatal brain injury, DTI has shown decreased MD in basal ganglia-thalamic
(BGT) injury (Ancora et al., 2013) and decreased FA has been reported as a marker of
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WM injury (Porter et al., 2010; Ward et al., 2006). This reduction in FA persisted up to
three weeks after HIE (Ward et al., 2006), whereas the MD normalized after the first
week (Rutherford et al., 2004). Even in healthy neonates, FA is markedly lower and MD
higher compared to adults due to their greater brain water content (Huppi and Dubois,
2006; Ward et al., 2006). Changes in dMRI due to HIE are thus not as evident in term
neonates, which may contribute to the number of false negative conclusions of no CNS
injury on routine HIE MRI and lack of correlation of injury scoring on routine MRI
injury with neurodevelopmental outcomes (Chang et al., 2020; Rutherford et al., 2010).
Although not widely studied in neonates in either research or clinical practice, DKI
has been used to document age-related tissue microstructural changes in pre-term infants
and in healthy term-infants up to 4 years of age (Paydar et al., 2014; Shi et al., 2016).
Additionally, using DKI WM tract-integrity (WMTI) modeling (Fieremans et al., 2011)
was used to identify term and preterm neonates with and without HIE (Gao et al., 2016),
although several important kurtosis parameters were not reported. Looking to adult stroke
as an analog, kurtosis metrics improved long-term motor outcome prediction compared
with diffusivity metrics (Hui et al., 2012; Jensen et al., 2011; Spampinato et al., 2017).
In neonates with HIE, we investigated which diffusion metric would demonstrate
injury best, and whether the optimal metric depended on the specific WM fiber tract ROI
or point in time after injury. We hypothesized that kurtosis would correlate with
concurrent HIE severity, predict long-term outcomes and be sensitive to treatment effects
in neonates after HIE birth making it a valuable potential biomarker for HIE.
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Methods
Participants and recruitment cohorts
Neonates with HIE qualified for hypothermia if they had moderate to severe
encephalopathy (n = 45), by standard clinical criteria (Sarnat and Sarnat, 1976) had MRI
datasets obtained under a study protocols approved by the Medical University of South
Carolina’s Institutional Review Board and conducted under the ethical principles of the
Declaration of Helsinki. All enrolled infants had moderate to severe HIE by modified
Sarnat staging (Sarnat and Sarnat, 1976) and qualified for 72 h of TH according to
standard HIE criteria: gestational age (GA) > 34 wks, and they had one factor indicating
an acute sentinel event (cord or baby pH < 7.0, base deficit > -13, Apgar score < 5 at 10
min or continued resuscitation after 5 min due to absence of respiratory effort), and two
signs of stage 2 or 3 encephalopathy (Eicher et al., 2005a, b; Jenkins et al., 2021).
The first cohort NVD-A was prospectively enrolled from 2014 to 2017 after
parental consent to receive N-acetylcysteine and calcitriol (NVD) in addition to
hypothermia in an open label trial in moderate to severe HIE neonates (NCT 04643821)
(Jenkins et al., 2021; Moss et al., 2018). This cohort had acute MRI data gathered on
DOL 4-6 (NVD Acute scan group: NVD-A, n = 16) and in the recovery period
immediately following discharge from the NICU (NVD Recovery scan group: NVD-R, n
= 18). For the control group of HIE neonates who received TH only, we collected acute
dMRI data from DOL 5-9, via prospective MRI with after parental consent from 20192020 (HIE-C, n = 21). All neonates met the same inclusion criteria for either routine
cooling or the NVD trial, and cooling protocols were uniform across cohorts.
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Hypothermia and NVD interventions
For NVD-A and NVD-R cohorts, we administered NAC (25-40mg/kg/dose) and
calcitriol (0.03-0.05mcg/kg/dose) intravenously within 6 h of HIE birth and continuing
for 10 days in neonates who qualified for TH to 33-33.5oC rectal temperature for 72 h, as
previously described (Jenkins et al., 2021; Moss et al., 2018). The control group (HIE-C)
received 72 h of TH only.

Neurodevelopmental outcomes assessments
All cohorts had standard developmental testing in high-risk follow-up clinic,
which included the Peabody Developmental Motor Scales to assess gross motor (GM)
delays. The Cognitive Adaptive Test (CAT) and the Clinical Linguistics and Auditory
Milestone Scale (CLAMS), with mean standard score 100 ± 15. Modified Checklist for
Autism (MCHAT) screening was performed at 18-24months of age.

dMRI data collection
MRI scans were obtained on unsedated infants after feeding and swaddling, using
3T MRI scanners: Skyra [NVD-A], Trio [NVD-R] and Vida [HIE-C] (Siemens
Healthineers, Erlangen, Germany). All MRI scans were read by a single neuroradiologist.
All DKI scans were gathered with 3 b-values, b = 0, 1000 and 2000 s/mm2, TE = 99 –
141ms, TR = 4800 – 6000 ms, voxel size = 12 – 27 mm3, and either 30 or 64 diffusion
encoding gradient non-zero (Table 1). There were also 10 extra non-diffusion weighted
images (b = 0) collected with matching image acquisition parameters. The DKI protocols
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varied in efforts not to exceed 60 mins total MR scans in the HIE protocol which also
included T1- and T2-weightedas well as MR spectroscopy scans.

Table 6.1. DKI protocols
3T MRI
NVD-A
Skyra
NVD-R
Trio
HIE-C
Vida

TE (ms)
109
99
141

TR (ms)
6000
4800
6000

Voxel Size (mm3)
2x2x3
(2.7)3
(3.0)3

Directions
30
64
64

Image processing
DKI data were quality controlled by removing image volumes and associated
gradient directions with excessive head motion or signal drop-out. Cleaned DKI data
were processed by PyDesigner (Dhiman et al., 2021) resulting in rotationally invariant
parametric maps from the estimated diffusion and kurtosis tensors. Diffusion parameters
calculated and used in our analysis included mean diffusivity (MD) and the fractional
anisotropy (FA), along with their kurtosis analogs, mean kurtosis (MK) and kurtosis
fractional anisotropy (KFA) (Figure 6.1).
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Figure 6.1 Example DKI metric maps for a HIE neonate.

Region-of-interest analysis
For each cohort, each subject’s FA image was registered to the Johns Hopkins
WM atlas. Transformation matrices were then inverted and WM regions-of-interest
(ROI) were down sampled into the native diffusion space of each subject for analysis.
Voxels were filtered within each ROI by applying an FA > 0.1 and WM mask probability
at 50%. Remaining voxels were then averaged for each diffusion metric and for each
ROI. The WM ROIs analyzed (Figure 6.2) were the bilateral anterior and posterior limb
of the internal capsule (ALIC/PLIC), the external capsule (EC), the corticospinal tract
near the cerebellar peduncle (CSTcp), the posterior-thalamic radiations (PTR), the
superior longitudinal fasciculus (SLF), and the splenium, genu and body of the corpus
callosum (sCC/gCC/bCC).
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Figure 6.2 Regions of interest overlaid on an FA atlas. ROIs were transformed into the native diffusion
space of each subject from the JHU WM atlas space. Voxels with FA > 0.1 and WM probability of 50%
were selected for analysis.

Statistical analysis
Analyses were performed using SAS (SAS Institute Inc, Cary, NC) within cohort
since dMRI protocols differed for each. For each cohort, we first assessed if there were
any group differences in the diffusion metrics based on HIE stage using Mann-Whitney
U test. Next, we determined if HIE stage could be logistically modelled using the
differences found in the previous step. Stepwise selection was done using p ≤ 0.1 as the
threshold for inclusion and p ≥ 0.15 for subsequent exclusion. Likelihood-Ratio (LR)
was used determine model viability. The Akaike Information Criteria is also reported.
Finally, we used general linear modeling with stepwise selection of p ≤ 0.15 as inclusion
criteria to evaluate the relationship of a diffusion metric across ROIs with the GM and
cognitive outcomes. Linear model selection was done using adj-R2 values All modeling
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included clinical variables of sex, race, GA at birth and MRI as covariates; additionally,
the linear modeling included HIE stage.
Results
Demographics
For all groups, the average GA was 38 - 39 wks at birth and infants were
approximately equally divided between stage 2 and 3 HIE. (Tables 6.2 – 6.4). All
diffusion sequences were obtained after rewarming when neonates had been
normothermic for ³ 24h at the following postnatal days of life (PND), mean (SD): NVDA 8 ± 7; NVD-R 35 ± 30; HIE-C 6 ± 1.4. Developmental testing scores GM and
cognitive skills are listed Tables 5 - 7. Infants were included in models of
neurodevelopmental outcomes based on intent-to-treat approach, and the NVD group
included an infant with a complicated course involving extracorporeal membrane
oxygenation and an infant with HIE but with an underlying genetic syndrome (Prader
Willi). Mean ages in months at developmental follow-up were 31 ± 15 for NVD-A, 34 ±
15 for NVD-R, 13.5 ± 6.7 for HIE-C.
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Table 6.2 NVD-A demographics
HIE
Stage 2
(N = 6)

Stage 3
(N = 10)

Total
(N = 16)

Gender
Female
0 (0.0%)
3 (18.8%)
3 (18.8%)
Male
6 (37.5%)
7 (43.8%)
13 (81.3%)
GA Birth (wks.)
38.62 (1.42)
37.96 (1.53)
38.21 (1.48)
GA MRI (wks.)
39.38 (1.41)
39.30 (1.49)
39.33 (1.41)
Race
White
5 (31.3%)
5 (31.3%)
10 (62.5%)
Black
1 (6.3%)
4 (25.0%)
5 (31.3%)
Hispanic
0 (0.0%)
1 (6.3%)
1 (6.3%)
NAC dose
25 mg/kg
5 (31.25%)
8 (50.00%)
13 (81.25%)
40 mg/kg
1 (6.25%)
2 (12.50%)
3 (18.75%)
Vitamin-D dose
0.03 mcg/kg
4 (25.00%)
4 (25.00%)
8 (50.00%)
0.05 mcg/kg
2 (12.50%)
6 (37.50%)
8 (50.00%)
wks: weeks; min: minutes.
a
Mann-Whitney U test; bFischer’s exact test; cChi-Square test.

p
0.25b

0.29a
0.83a
0.38c

0.48b

0.24b

Table 6.3 NVD-R demographics
HIE
Stage 2
(N = 7)

Stage 3
(N = 11)

Total
(N = 18)

Gender
Female
3 (16.7%)
3 (16.7%)
6 (66.7%)
Male
4 (22.2%)
8 (44.4%)
12 (33.3%)
GA Birth (wks.)
38.2 (1.7)
38.0 (1.3)
38.1 (1.4)
GA MRI (wks.)
41.2 (2.7)
44.2 (4.5)
43.1 (4.1)
Race
White
4 (22.2%)
6 (33.3%)
10 (55.6%)
Black
3 (16.7%)
4 (22.2%)
7 (38.9%)
Hispanic
0 (0.0%)
1 (5.6%)
1 (5.6%)
NAC dose
25 mg/kg
4 (22.22%)
8 (44.44%)
12 (66.67%)
40 mg/kg
3 (16.67%)
3 (16.67%)
6 (33.33%)
Vitamin-D dose
0.03 mcg/kg
5 (27.78%)
7 (38.89%)
12 (66.67%)
0.05 mcg/kg
2 (11.11%)
4 (22.22%)
6 (33.33%)
wks: weeks; min: minutes.
a
Mann-Whitney U test; bFischer’s exact test; cChi-Square test.
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p
0.63b

1.00a
0.14a
0.71c

0.31b
0.37b

Table 6.4 HIE-C demographics
HIE
Stage 2
(N = 12)

Stage 3
(N = 9)

Total
(N = 21)

0.16b

Gender
Female
6 (28.6%)
3 (4.7%)
Male
6 (28.6%)
6 (38.1%)
GA Birth (wks.)
38.7 (1.2)
38.9 (1.3)
GA MRI (wks.)
39.6 (1.1)
39.7 (1.2)
Race
White
1 (4.7%)
4 (19.1%)
Black
11 (52.4%)
5 (23.8%)
wks: weeks; min: minutes.
a
Mann-Whitney U test; bFischer’s exact test.

Table 6.5
HIE
Stage 2

Stage 3

7 (33.3%)
14 (66.7%)
38.8 (1.2)
39.7 (1.1)

Mean (SD)

101 (16)

103 (14)

87 (12)

range

76 – 120

76 – 120

69 – 105

5

7

10

Mean (SD)

94 (13)

92 (19)

96 (28)

range

66 – 104

57 – 115

38 – 140

N

8

9

8

p&

0.28

0.24

0.19

*ANOVA p-value.

&

Mann-Whitney U p-value.
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0.73a
0.92a
0.12b

5 (23.8%)
16 (76.2%)

Gross Motor
NVD-A
NVD-R
HIE-C

N

p

p*
0.55

0.92

Table 6.6

CATS

HIE

Stage 2

NVD-A
96 (17)

97 (14)

85 (22)

range

71 – 118

71 – 118

29 – 109

5

7

10

Mean (SD)

88 (28)

85 (32)

92 (12)

range

25 – 115

25 – 115

48 – 122

N

8

9

9

p&

0.82

0.60

0.55

*ANOVA p-value.

&

0.37

0.85

CLAMS

HIE

NVD-A

NVD-R

Mean (SD)

91 (10)

95 (8)

92 (15)

range

83 – 103

64 – 117

65 – 108

5

7

10

Mean (SD)

86 (21)

81 (27)

104 (27)

range

38 – 104

38 – 115

61 – 161

N

8

9

9

p&

1.00

0.33

0.34

N

Stage 3

p

Mann-Whitney U p-value.

Table 6.7

Stage 2

HIE-C

Mean (SD)

N

Stage 3

NVD-R

*ANOVA p-value.

&

Mann-Whitney U p-value.
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HIE-C

p*
0.84

0.15

DKI reflects clinical HIE severity
For the acute scans in the NVD-A group, the MK was decreased in the bCC, the
right and left PLIC of HIE stage 3 compared to stage 2. This may be indicative of greater
injury to axonal structures. During recovery in the NVD-R group, the MK was increased
in stage 3 compared to stage 2 HIE within the right and left CSTcp possibly in line with
gliosis after HI inflammation. The NVD-A group also had increased KFA in the bCC
acutely in stage 3 compared to stage 2 HIE.
We found similar results in the acute scans in the HIE-C as in the NVD-A group.
In the HIE-C group, the MK was also decreased in the more severe stage 3 versus stage 2
HIE neonates in the left CSTcp, bCC and left PLIC. We also found that stage 3 HIE
subjects in the HIE-C group had increased KFA in the sCC, left PLIC, and left EC
compared to stage 2 HIE subjects. Additionally, the FA in the left ALIC and MD in the
right SLF were found to be increased in stage 3 compared to stage 2 HIE subjects. Table
6.8 provides a complete overview of the test results for diffusion differences in each
group with the associated ROIs and p-values.
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Table 6.8 Comparison of diffusion metrics by HIE severity
Metric
Stage 3 vs Stage 2
ROIs
NVD-A
MK
Decreased
bCC
Decreased
Right/Left PLIC
KFA
Increased
bCC
NVD-R
MK
Increased
Right/Left CSTcp
HIE-C

MK

Decreased
Decreased
Decreased
KFA
Increased
Increased
Increased
FA
Increased
MD
Increased
*p-value calculated using Mann-Whitney U test

Left CSTcp
bCC
Left PLIC
sCC
Left PLIC
Left EC
Left ALIC
Right SLF

p*
< 0.01
< 0.05 (both)
< 0.05
< 0.05 (both)
< 0.05
< 0.01
< 0.05
< 0.05
< 0.05
< 0.05
< 0.05
< 0.05

Comparing the lower and higher NAC doses, MK in the NVD-A was greater in
the left SLF (p < 0.05) in the subjects that received 40 mcg/kg (n = 3) compared to those
that received 25 mcg/kg (n = 13), perhaps indicating better preservation of cellular
structures. We also found that the FA in the right PTR (p < 0.05) and the left EC (p <
0.05) was higher in subjects that received 40 mcg/kg (n = 6) than those who got 25
mcg/kg (n = 12) of the NVD-R group.

81

HIE severity logistic modeling
HIE stage was logistically modeled using stepwise selection with the ROIs
specified in Section 6.3.2 for each cohort along with additional clinical covariates listed
in Section 6.2.7. Diffusion metrics (FA, MD, MK and KFA) were modeled separately to
determine which metrics gave the best correlation. A complete listing of the findings
summarized below are found in Table 6.9.

Table 6.9. Logistic models of HIE severity (stage 2 or 3) by DKI metric
Metric
ROIs
p*
NVD-A

MK

Right PLIC

< 0.05

AIC

%

21

83

NVD-R
HIE-C

MK
Right CSTcp
< 0.01
21
83
MK
bCC, left CSTcp
< 0.001
21
89
KFA
Left EC, race, sex
< 0.01
24
91
FA
Left ALIC, race, GA MRI
< 0.001
18
96
MD
Right SLF, GA birth
< 0.005
22
88
*p-value of Likelihood Ratio; AIC, Akaike Information Criteria; %, predictive accuracy
with observed Sarnat score.

For NVD-A, the final MK model included only the right PLIC. This provided a
concordant percentage of 83% in the predicted and observed HIE severity. For DKI
obtained after the second week of life in the NVD-R group, the final MK logistic model
included only the right CSTcp. This model had an 83% concordant prediction agreement
with clinical HIE stage.
The acute HIE-C group was found to have differences in various ROIs with FA,
MD, MK and KFA separately. For MK, the final model included bCC and the left CSTcp
with an 89% concordant prediction rate with clinical HIE stage. Using the KFA, the final
model included the left EC along with clinical covariates of race and sex and a 91%
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concurrence with observed clinical HIE stage. Using FA, the final logistic model
included left ALIC with clinical covariates of race and GA at MRI with a 96%
concordant prediction agreement with clinical HIE stage. For the MD, the final model
with 88% concordance with clinical stage included the right SLF and GA at birth.

Long-term Gross Motor outcome modeling
Across most acute and convalescing DKI scans, MK performed better than FA for
predicting motor outcomes in HIE neonates (Table 6.10).
In the NVD-A group, the GM score was estimated best using FA in the left PLIC
with the clinical covariate vitamin D dose. For the NVD-R group, the GM score was
estimated best with MK followed by FA, separately. The MK model included the left
CSTcp, left ALIC, left SLF and the clinical covariate GA at birth. The FA model was
comparable to the MK model, and included bCC, left CSTcp, with clinical covariates of
vitamin D dose and HIE stage.
In the HIE-C group, GM scores were also estimated best using MD followed by
KFA, separately. The final MD included right CST, left PLIC, PTR bilaterally, right EC
and GA birth. The selected KFA model included the CST bilaterally, right PLIC, left EC
and GA MRI.
For the NVD treatment cohorts, HIE stage did not contribute to FA models of
outcome in the acute scan. Nor did HIE stage add to MK predictive models of motor
outcome in the recovery period, implying that NVD treatment may have negated the
effect of HIE stage acutely and in the complexity of WM microstructure. This is
consistent with our published outcome data wherein both severity groups had similar
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scores and normal development by 3-4 years of age (Jenkins et al., 2021). In the FA
model from the recovery scan, however, HIE stage was important contributor to
prediction of GM outcomes in the NVD-R cohort. Interestingly, vitamin D dose
contributed to the NVD FA models using both acute and recovery scans, while NAC dose
did not contribute to GM predictive models. Finally, the adjusted-R2 value was
significantly higher for the GM prediction in the recovery scan compared with the acute
scan in the NVD group. The modeling indicates that dose effects may be specific for
diffusion metric used in the model and supports the concept that diffusion and kurtosis
metrics measure different aspects of WM injury at different stages of recovery after HIE
birth.

Table 6.10 Linear models of 12-month GM scores
Metric
Final Model
NVD-A

p*

Adj-R2

FA

Left PLIC, Vit-D dose

< 0.005

0.58

MK

Left CSTcp, Left ALIC, Left SLF, GA birth

< 0.0001

0.81

FA

bCC, Left CSTcp, Vit-D dose, HIE stage

< 0.0005

0.79

MK

left EC, GA MRI

< 0.01

0.48

KFA

CST, right PLIC, left EC, GA MRI

< 0.001

0.82

MD

Right CST, left PLIC, PTR, right EC, GA birth

< 0.001

0.93

FA

gCC, Left PLIC

< 0.5

0.34

NVD-R#

HIE-C

*p-value is the full final model; # selection entry/stay p-value set to 0.1 and 0.08 to
decrease model complexity.
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Long-term cognitive outcome modeling
Models were then constructed for CAT (Table 6.11) and CLAMS (Table 6.12)
cognitive outcomes in our HIE cohorts. FA and KFA were best for cognitive modeling,
except for the NVD-A group, in whom the best model for CAT scores included MD in
the right PTR, race and vitamin D dose. The best model for NVD-R group included KFA
in the left PLIC, left EC, race, vitamin D dose and GA at MRI. The best model for HIE-C
included FA in the gCC, bCC, left CSTcp, ALIC, left PLIC, left PTR. Most of the models
have high adjusted-R2 values indicating that most of the variability in the outcomes are
explained by the diffusion metrics in the WM tracts.

Table 6.11 Linear models of 12-month CAT scores
Metric
Final Model

p*

Adj-R2

NVD-A

MD

bCC, right PTR, race, Vit-D dose

< 0.001

0.91

NVD-R#

KFA

left PLIC, left EC, race, Vit-D dose, GA at MRI

< 0.001

0.87

FA

gCC, bCC, left CSTcp, ALIC, left PLIC, left PTR

< 0.001

0.92

MD

gCC, bCC, left ALIC, right PLIC, left SLF

< 0.01

0.71

MK

left EC and left SLF

< 0.01

0.37

KFA

right ALIC and left SLF

< 0.01

0.62

HIE-C

*p-value is the full final model; # selection entry/stay p-value set to 0.1 and 0.08
The NVD-A CLAM scores were estimated best using KFA which included the
bCC, right CSTcp, right ALIC, right PLIC and race. The NVD-R CLAM scores were
estimated best using FA and included bCC, right CSTcp, left EC and race. In modeling
CLAM scores for HIE-C, MK in the gCC, bCC, left ALIC, EC bilaterally, right PTR, and
GA birth and MRI were strongly predictive.
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Table 6.12 Linear models of 12-month CLAM scores
Metric
Final Model
bCC, right CSTcp, right ALIC, right PLIC,
NVD-A
KFA
race
NVD-R

FA

HIE-C

MK#
FA
MD

bCC, right CSTcp, left EC, race
gCC, bCC, left ALIC, EC bilaterally, right
PTR, GA birth, GA MRI
gCC, right ALIC, EC bilaterally, sex, HIE
stage
PLIC bilaterally and right EC

p*

Adj-R2

< 0.001

0.86

< 0.001

0.75

< 0.001

0.80

< 0.01

0.57

< 0.01

0.52

*p-value is the full final model; # selection entry/stay p-value set to 0.12

Discussion
The severity of neonatal brain injury after HIE is difficult to objectively quantify
with subjective clinical staging and MRI readings. While the brain insult may vary across
patients, more accurate identification of HIE severity would be useful clinically to better
define the brain injury, prepare parents and target therapies for specific HIE severity,
even when precise deficits are not yet manifest in encephalopathy scores. Quantitative
dMRI, specifically with DTI, has limitations portraying the complexity of tissue
microstructure, which may be critical in the injured developing brain, as there is low
myelination and increased water content compared to adult brain. A more advanced
approach using DKI may be advantageous as it accounts for the non-Gaussianity
observed in water diffusion when it meets barriers to water movement in the underlying
tissue microstructure. Kurtosis measurements have been shown to better delineate
complexities due to crossing fibers and extra- and intra-cellular membrane barriers, and
may be particularly useful in the presence of little to no myelination. Kurtosis changes
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have not been widely studied in the neonatal population and may serve to better identify
HIE severity than diffusion tensor data. In this study, we investigated diffusivity and
kurtosis changes in WM ROIs in three HIE cohorts which differed in treatment and in
time after injury.
First our data demonstrate the value of kurtosis metrics, MK and KFA, in
differentiating severity of HI injury in most ROIs examined at two different time points
after injury. In contrast, FA and MD DTI metrics did not differentiate severity nor
concur with clinical encephalopathy staging in these HIE cohorts. Thus, across different
scanners, DKI showed higher sensitivity to different levels of HI injury in multiple white
matter tracts. We found consistently that MK was lower acutely in severe (Stage 3)
compared to the moderate HIE subjects (Stage 2) in the corpus callosum bilaterally and
the PLIC, while KFA was increased and the FA was decreased in the severe compared
with moderate HIE infants. Our data indicate that in these WM tracts increased mean
kurtosis likely represents greater reduction of cellular and axonal barriers to complex
water movements, lower anisotropy in the axial direction, and greater variability in the
directionality of water movement (KFA) with worse injury, which correlates with more
severe clinical encephalopathy.
The white matter tracts used in these analyses are commonly affected in HIE and
are key to determining long term motor outcomes. If only one or two WM tracts are
selected for modeling severity of injury, then MK in right PLIC or CSTcp agrees with the
clinical HIE severity staging 87% of the time. These tracts are also essential in the GM
predictive models, which showed that the model using MK in the CSTcp during recovery
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and MK in the PLIC acutely after hypothermia alone were marginally superior to FA
models.
Other than sensitivity to severity of injury, our data also indicate that MK was
sensitive to timing of scan after HIE, showing different directions of MK in the acute
scans (decreased MK, indicating decreased complexity in WM ROIs days after severe
acute injury), and increased MK in scans in recovering severe HIE infants, in association
with the known mechanisms of microglial scavenging, astroglial activation and gliosis.
Therefore, MK may provide a window into cellular processes during recovery after
severe and more moderate HIE.
Meta-analyses of hypothermia trial data have shown that hypothermia may not
provide effective neuroprotection in term HIE neonates with severe encephalopathy
(Edwards et al., 2010; Jacobs et al., 2013). For our data though, HIE stage was not an
important predictive variable for motor or cognitive outcomes using DKI metrics from
either early or later scans. Perhaps because FA DTI metrics did not differentiate HIE
severity as well as kurtosis, HIE stage was important in two FA models of outcomes. Our
DKI data from both acute HIE and convalescing periods support an NVD treatment effect
for both stage 2 and 3 HIE infants, and are in agreement with our published NVD
outcome data (Jenkins et al., 2021), wherein both severity groups had similar
developmental scores and normal development by 3-4 years of age (Jenkins et al., 2021).
Both FA and MK show responsiveness to NVD treatment, but in different ways
that may point to different mechanisms of protection. Using the NVD cohorts, we
determined that vitamin D (calcitriol) dose was a significant modifier in the FA and MD
models predicting GM function and cognitive adaptive test scores, using either the acute
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or convalescing MRIs. NAC dose was a significant factor in determining MK and FA in
specific WM tracts of SLF, PLIC and PTR. The outcome modeling and dose differences
in specific tracts indicates that the therapeutic and dose effects may be reflected in dMRI
in term HIE but are dependent on and specific for the diffusion metric used in the model.
This data supports the concept that diffusion and kurtosis metrics measure different
aspects of WM injury. With FA, a strong directionality to the water movement frequently
indicates greater intact axonal packing, bundling and fiber coherence, whereas higher
mean kurtosis indicates greater complexity of extra- and intracellular barriers acutely,
associated with less severe encephalopathy. Thus, dMRI in general and DKI in particular,
give novel data on specific CNS effects of treatment and dosing which is unavailable
from clinical factors.
Limitations of this study include the use of different scanners over time with
different protocols. While this is a limitation, it is also a strength, as scanner and protocol
upgrades are constantly occurring, and any diffusion metric will need to be predictive in
spite of these changes. Our findings, therefore, do not depend on specific protocols or
scanners, and yet show that kurtosis may offer prognostically important information in
neonatal HIE. Other limitations include the absence of an absolute gold standard for HIE
severity. All HIE stage scores were determined at enrollment or admission to the NICU,
as they would be used in a therapeutic trial design. Nevertheless, DKI data obtained at 57 days of life indicate that severity of encephalopathy within 6 hours after birth is better
represented in kurtosis than diffusivity measures.
Neonates do not demonstrate motor, cognitive and behavioral deficits after HIE
birth, so parents and therapeutic studies must wait for development to unfold to predict
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outcome and measure therapeutic effects. In the absence of demonstrated functional
deficits, neuroimaging will have to fill this gap in accurate prognostication. With better
predictions of outcomes, we could provide better therapies acutely and chronically in
early infancy with targeted interventions. Our data indicate that DKI may satisfy the main
requirements of an ideal biomarker by better reflecting concurrent CNS injury severity,
predicting the complexity of neurodevelopmental outcomes in conjunction with standard
diffusivity measures, and demonstrating response to treatment in neonatal HIE.
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Optimization of Fiber Ball Imaging
……………………

Moss, H.G., McKinnon, E.T., Glenn, G.R., Helpern, J.A., Jensen, J.H., 2019.
Optimization of data acquisition and analysis for fiber ball imaging. Neuroimage 200,
690-703.
Introduction
A typical imaging voxel for diffusion MRI (dMRI) on a clinical scanner
encompasses a volume of roughly 10 to 30 mm3. In white matter (WM), a voxel of this
size usually contains between several hundred thousand to several million individual
axons. In some voxels, most of the axons will be oriented in similar directions, but the
majority of voxels will include a broad range of orientations (Jeurissen et al., 2013). In
general, the distribution of orientations is described by the fiber orientation density (or
distribution) function (fODF), which gives the volume-weighted angular density of axons
along a given direction.
From the fODF, it is straightforward to calculate rotationally invariant
microstructural parameters, such as the fractional anisotropy axonal (FAA) (McKinnon et
al., 2018), that characterize axon-specific properties of WM. More conventional diffusion
measures, including the fractional anisotropy (FA) and mean diffusivity (MD), are in
contrast affected by both the intra-axonal and extra-axonal tissue compartments.
Additionally, the fODF plays a central role in WM fiber tractography (WMFT), where
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the fODFs from adjacent voxels are used as building blocks in constructing streamline
representations of axonal fiber pathways (Jeurissen et al., 2019).
Several methods for estimating the fODF from dMRI data have been proposed
(Anderson, 2005; Daducci et al., 2014; Schilling et al., 2018; Tournier et al., 2007;
Tournier et al., 2004; Wilkins et al., 2015). These methods typically involve nonlinear
fitting to a specific signal model or assume that the signal from any fiber bundle is
described by a single response function (Lazar, 2010; Tournier et al., 2011), for
example,such as in constrained spherical deconvolution (CSD) (Tournier et al., 2007). A
recently proposed alternative method of calculating the fODF, known as fiber ball
imaging (FBI), is based on the inverse Funk transform of high angular resolution
diffusion imaging (HARDI) data obtained at b-values (b) equal to or greater than about
4000 s/mm2 (Jensen et al., 2016). The inverse Funk transform (Bailey, 2003; Funk, 1913,
1915; Minkowski, 1904) is closely related to the inverse Radon transform, which is
widely used in X-ray computed tomography (Quinto, 2006), and it corresponds to an
elementary linear mapping that dispenses with both nonlinear fitting and empirically
determined response functions. In this way, FBI may potentially yield more reliable
predictions for the fODF.
FBI bears a strong resemblance to the q-ball imaging (QBI) approach, which
employs the forward Funk transform (also known as the Funk-Radon transform) of
HARDI data (Descoteaux et al., 2007; Hess et al., 2006; Tuch, 2004). An essential
difference between these two methods is that QBI was devised to approximate a diffusion
orientation distribution function (dODF), reflecting the directional dependence of water
diffusion, rather than the angular density of fibers represented by the fODF. Furthermore,
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as we shall discuss, the dODF of QBI can alternatively be understood, within WM, as the
result of smoothing the fODF through suppression of higher degree spherical harmonics.
Thus, the dODF of QBI provides a lower fidelity representation of axonal fiber bundle
orientations than does the fODF of FBI. We note that these considerations may not
necessarily apply to any of several techniques (Aganj et al., 2010; Canales-Rodriguez et
al., 2009; Tristan-Vega et al., 2009) that are closely related to the original QBI method
(Tuch, 2004).
Although the theory underlying FBI has been presented in detail (Jensen et al.,
2016) and applied in several prior works (Jensen and Helpern, 2018; Jensen et al., 2017;
Li et al., 2019; McKinnon et al., 2018; McKinnon and Jensen, 2019; McKinnon et al.,
2017), practical issues related to the optimization of data acquisition and analysis for FBI
have not been thoroughly explored. In this paper, we first test experimentally the b-value
dependence of the dMRI signal predicted by FBI. We then examine how the choice of bvalue and number of diffusion-encoding directions affect the calculated fODF in order to
provide recommended values for these imaging parameters. We also consider the
optimization of the fODF reconstruction and the calculation of two associated
microstructural parameters: the FAA and a quantity we refer to as z, which is
proportional to the intra-axonal water fraction. Although our main focus is on the fODF
and its associated microstructural parameters, we provide examples of FBI-based WMFT
and compare these with conventional diffusion tensor imaging (DTI)-based, QBI-based
and CSD-based WMFT.
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Theory
The Funk transform
The Funk transform is a linear mapping of a function defined on the surface of a
sphere to another function on a sphere (Bailey, 2003). For an arbitrary function G of a
unit direction vector n (indicating a point on a sphere), the Funk transform is defined by
TF ( G,n ) =

2π

∫ dϕ G ⎡⎣m cosϕ + (m × n) sinϕ ⎤⎦ ,

(7.1)

0

where m is any unit vector satisfying n × m = 0 . Thus, the Funk transform replaces the
value of G at n with the integral of G taken over all points orthogonal to n. The
integration paths needed to compute the Funk transform are the great circles of the
sphere. For any function with antipodal symmetry [i.e., G(−n) = G(n) ], the Funk
transform is invertible.
A practical method of computing the Funk transform and its inverse (when it
exists) is based on the spherical harmonic expansion of
∞

G ( n) = ∑

l

∑α

m m
l l

Y

G:

(θ ,ϕ )

,

(7.2)

l=0 m=−l

m
where Yl (θ ,ϕ ) are the spherical harmonics, q and ϕ are the spherical angles for n , and

α lm are the expansion coefficients (Funk, 1913; Hess et al., 2006; Minkowski, 1904). The

expansion coefficients of odd degree l vanish when

G

has antipodal symmetry while

the even coefficients vanish for odd reflection symmetry. In terms of spherical
harmonics, the Funk transform can be written as
∞

l

l=0

m=−l

TF ( G,n ) = 2π ∑ Pl ( 0 ) ∑ α lmYl m (θ ,ϕ ) ,
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(7.3)

with Pl ( x ) being the Legendre polynomial of degree l . For x = 0 , the Legendre
polynomial has the explicit expression

⎧
l!
l/2
, even l,
⎪ ( −1) l
2 [(l / 2)!]2
Pl ( 0 ) = ⎨
⎪ 0,
odd l.
⎩

(7.4)

Since Pl ( 0 ) vanishes for odd degrees, Equation (7.3) is equivalent to
∞

TF ( G,n ) = 2π ∑ P2l ( 0 )
l=0

2l

∑α

m m
2l 2l

Y

(θ ,ϕ ) .

(7.5)

m=−2l

From Equation (7.5), it is evident that the inverse Funk transform is given by

TF−1 ( G,n ) =
provided

G

1
2π

∞

∑
l=0

2l
1
α 2lmY2lm (θ ,ϕ ) ,
∑
P2l (0) m=−2l

(7.6)

has antipodal symmetry.

Fiber ball imaging
The Funk transform was first introduced into MRI through the context of QBI
(Tuch, 2004). Specifically, the Funk transform of HARDI data for a single b-value shell
may be interpreted as a dODF. In contrast, the core observation of FBI is that the inverse
Funk transform for high b-value, single shell HARDI data provides an estimate for the
fODF (Jensen et al., 2016). The inverse exists for HARDI data because the dMRI signal
generally has antipodal symmetry (Grebenkov et al., 2007).
Since the application of the Funk transform to the fODF of FBI yields the original
HARDI data, the dODF of QBI is equal to the double Funk transform of the fODF.
Interestingly, a double Funk transform corresponds to a low pass filter for the spherical
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harmonics. To see this, note that Equation (7.5) implies that the double Funk transform
may be expressed as

TF ⎡⎣TF ( G,n ) ,n ⎤⎦ = ( 2π )

2

∞

2l

∑ ⎡⎣ P ( 0 )⎤⎦ ∑ α
2

2l

l=0

m m
2l 2l

Y

(θ ,ϕ ) .

(7.7)

m=−2l

From the approximation (Jensen et al., 2016),
2
1
⎡⎣ P2l ( 0 ) ⎤⎦ ≈
πl ,

(7.8)

it then follows that the double Funk transform reduces the contribution of the higher
degree spherical harmonics by a factor that grows roughly linearly with l . Hence, fODFs
predicted from FBI will always appear sharper than dODFs of QBI generated from the
same data.
Three principal assumptions underlying FBI are 1) that axons can be idealized as
thin, straight cylindrical tubes, 2) that water exchange between the intra-axonal and extraaxonal spaces is small on time scales comparable to the diffusion time for the dMRI pulse
sequence, and 3) the echo time is sufficiently long so that the dMRI signal from myelin
water can be neglected (Jensen et al., 2016). A strong test for the validity of these
assumptions is the behavior of the direction-averaged dMRI signal for large b-values. If
they hold, the direction-averaged signal is expected to decrease asymptotically as b

−1/2

,

which has indeed been observed throughout the white matter of healthy volunteers
(McKinnon et al., 2017; Novikov et al., 2018a; Veraart et al., 2019). An additional means
of testing these assumptions is to examine the b-value dependence for the power of the
higher degree ( l > 0 ) spherical harmonics as is discussed further below.
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FBI requires the use of large b-values for two reasons (Jensen et al., 2016). First,
the diffusion weighting should be strong enough so that the signal from the more mobile
pool of extra-axonal water can be neglected relative to that from water confined within
axons. Second, the b-value should be large in comparison to Da −1 , where Da is the
intrinsic intra-axonal diffusivity, with the inverse Funk transform approaching the exact
fODF in the limit bDa → ∞ .
A correction to the fODF can be found by defining a “generalized” Funk
transform as (Jensen et al., 2016)
∞

T!F ( G,n ) = 2π ∑ g2l ( bD0 ) P2l ( 0 )
l=0

2l

∑α

m m
2l 2l

Y

(θ ,ϕ )

(7.9)

m=−2l

along with the corresponding inverse

1
T!F−1 ( G,n ) =
2π

∞

∑
l=0

2l
1
α 2lmY2lm (θ ,ϕ ) .
∑
g2l (bD0 )P2l (0) m=−2l

As with Equation (7.6), Equation (7.10) assumes that

G

(7.10)

has antipodal symmetry. The

parameter D0 should obey D0 ≥ Da and
⎡ l(2l + 1) ⎤
,
g2l ( x ) ≈ exp ⎢ −
2x ⎥⎦
⎣

(7.11)

with an exact formula for g2l (x) being given by Jensen and coworkers (Jensen et al.,
2016) in terms of confluent hypergeometric functions. Both the approximate and exact
expressions have the limit g2l (x) → 1 as

x → ∞ , so the generalized Funk transform

reduces to the conventional Funk transform as D0 → ∞ for a fixed b-value.
In our prior (Jensen et al., 2016), we have argued that reducing D0 for the
generalized inverse Funk transform of HARDI data (without violating the constraint
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D0 ≥ Da ) should increase the accuracy of the estimated fODF at the price of amplifying
the signal noise. A reasonable choice for D0 is then 3.0 µm2/ms, which is the diffusivity
of free water at body temperature (Holz, 2000) and presumably an upper bound for water
confined within axons. In this study, we compare corrected fODFs obtained from the
generalized inverse Funk transform with D0 = 3.0 µm2/ms to the uncorrected fODF
obtained from the pure inverse Funk transform, which formally corresponds to D0 = ¥ .
The differences between the corrected and uncorrected fODFs should diminish as the bvalue for the HARDI data is increased.

Microstructural parameters
In addition to the fODF, there are two primary microstructural parameters
associated with FBI, which can be estimated from the same HARDI data. The first is
ζ≡

f
b S
≈2
π S0
Da

,

(7.12)

where f is the intra-axonal water fraction, S is the direction-averaged dMRI signal, and

S0 is the signal without diffusion-weighting (Jensen et al., 2016). In Equation (7.12), the
approximation in terms of signal intensities is valid only when the b-value is large
enough for aforementioned b

−1/2

scaling to hold. The second is the FAA, which

corresponds to the FA of the fODF derived from the more restricted intra-axonal water
compartment with the full collection of axons inside a voxel being taken as a whole
(McKinnon et al., 2018). Expressing the fODF in terms of a spherical harmonic
expansion
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m
where c2l are the expansion coefficients, allows the computation of the FAA from the

analytic expression
2

FAA =

3 ∑ c2m
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.

(7.14)

m=−2

The FAA is a direct measure of the diffusion anisotropy of the water contained within
axons that excludes the effects of extra-axonal water. It is guaranteed to be in the range
from 0 to 1, provided the fODF is nonnegative in all directions. This is, of course, true for
the exact fODF, but not necessarily true for the estimated fODFs due to, for example,
signal noise and imaging artifacts. If the exact fODF has sufficiently sharp features,
truncating the spherical harmonic expansion of Equation (7.13) can result in Gibbs
phenomenon ringing that might also contribute to negative fODF values (Gelb, 1997).
As an axon-specific measure of diffusion anisotropy, the FAA may be helpful for
elucidating whether microstructural changes in WM associated with disease or
development reflect alterations of axons or of the extra-axonal space (assuming the main
tenets of FBI hold in these situations).

Harmonic power
The harmonic power of the lth degree for the dMRI signal may be defined as

pl ≡
99

l
2
1
alm
∑
2l + 1 m=−1
,

(7.15)

m
where al are the spherical harmonic expansion coefficients for the signal (Śliwa, 2001).

The theory underlying FBI makes predictions for the b-value dependence of this power
for even degrees, while the power for odd degrees generally vanishes due to the antipodal
symmetry of the signal. More specifically,

pl ≈

ul
2
gl (bDa )]
[
b
,

(7.16)

for even degrees and large b-values, where ul is a constant independent of b.
The harmonic power for l = 0 is proportional to the square of the directionaveraged signal, and the b-value dependence dictated by Equation (7.16) is essentially
equivalent to the aforementioned decrease of the signal as b

−1/2

for large b-values.

However, for the positive even degree harmonics, Equation (7.16) gives new predictions,
which may be tested experimentally to further validate the FBI approach and help
establish an appropriate range of b-values for its application.

Methods
Subjects
Six healthy adult volunteers (26-33 yrs) were recruited, but one volunteer was
excluded from the analysis due to excessive motion artifacts in the MRI data. Consent
was obtained for all subjects under a protocol approved by the institutional review board
of the Medical University of South Carolina. Due to ethical considerations, the data used
for this study cannot be made openly available.
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Imaging
All imaging data were acquired on a Siemens 3 T Prisma MRI scanner (Siemens
Healthineers, Erlangen, Germany) using a 32-channel head coil. For all subjects, dMRI
data were obtained using a twice-refocused echo planar imaging pulse sequence to
suppress eddy current distortion (Reese et al., 2003) with a field of view of 222×222 mm2
and an acquisition matrix of 74×74 yielding an in-plane resolution of 3.0×3.0 mm2.
Image volumes contained 42 contiguous axial slices with 3.0 mm slice thickness. The
image acquisition utilized the “adaptive combine” coil data combination mode together
with full Fourier k-space coverage, an in-plane parallel imaging factor of 2, a multiband
acceleration factor of 2, and a bandwidth of 1648 Hz/px.
For three of the subjects (Subjects 1-3), HARDI data were collected using 128
diffusion-encoding directions at b-values of 1000, 2000, 4000, 6000, 8000 and 10,000
s/mm2. For each b-value, a matching set of 11 images with the b-value set to zero (b0
images) were also acquired. The TE was 110 ms and the TR was 5300 ms resulting in an
image acquisition time of about 12 min 34 s per b-value (including b0 images). For one
subject (Subject 4), HARDI data were collected using a b-value of 6000 s/mm2 with 30,
64, 128, and 256 diffusion-encoding directions, with 11 matching b0s for each set of
diffusion-encoding directions. The TE was 95 ms, the TR was 5100 ms, and the total
acquisition for all four HARDI datasets was approximately 45 min. For another subject
(Subject 5), HARDI data were collected using a b-value of 4000 s/mm2 with 128
diffusion-encoding directions for TE = 90, 100, 110, and 120 ms. The TR was 3900 ms,
and 11 matching b0s were acquired for each TE. The total scan time for the HARDI
datasets of Subject 5 was about 37 min. With TE = 90 ms, dMRI data for Subject 5 were
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also obtained with 30 diffusion directions and b-values of 1000 and 2000 s/mm2. The
scan time for this extra dMRI sequence was 5 min 42 s. For anatomical reference, all
subjects also received a T1-weighted (MPRAGE) scan, with a TE of 2.26 ms, a TR of
2300 ms, an inversion time of 900 ms, 1 mm3 isotropic voxels, and 192 slices.

Image processing
For each subject, the raw diffusion weighted images were denoised with a
principal component analysis approach (Veraart et al., 2016), the method of moments
(Gudbjartsson and Patz, 1995) was utilized to reduce Rician noise bias, and a Gibbs
ringing correction (Kellner et al., 2016) was applied. Lastly, a rigid-body transformation
was used to co-register the images together across b-values. The mean SNR values, for
Subjects 1-3, in WM averaged across subjects were 37 ± 8, 24 ± 5, 14 ± 3, 11 ± 2, 9 ± 2
and 7 ± 1 for the b-values of 1000, 2000, 4000, 6000, 8000 and 10,000 s/mm2,
respectively. For Subject 4, mean SNR values in the WM at a b-value of 6000 s/mm2
were 7 ± 4, 8 ± 5, 10 ± 7 and 8 ± 4 when the number of diffusion-encoding directions was
30, 64, 128 and 256, respectively. For Subject 5, mean SNR values in WM at a b-value of
4000 s/mm2 were 9 ± 5, 9 ± 4, 8 ± 4 and 7 ± 3 for TE equal to 90, 100, 110 and 120 ms,
respectively.
The spherical harmonic coefficients for the dMRI signal from each HARDI bvalue shell were determined on a voxel-wise basis using linear least-squares fitting
(Descoteaux et al., 2007; Hess et al., 2006). Our calculations used spherical harmonic
coefficients up to and including l = 6 unless otherwise indicated, but we also examined
the effect of truncating the expansion at either l = 4 or l = 8 for some quantities.
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Increasing the maximum degree of the spherical harmonic expansion improves accuracy
but possibly at a price of reduced precision since the relative effect of signal noise tends
to be large for higher degree harmonics (Jensen et al., 2016). Parametric maps of ζ
were then determined from Equation (7.12), the b0 images, and the l = 0 spherical
harmonic coefficients, which are proportional to S .
The fODFs in all WM voxels were found by applying to the HARDI data for each
b-value either the inverse Funk transform of Equation (7.6) or the generalized inverse
Funk transform of Equation (7.10). The former is referred to as the “uncorrected fODF”
and the latter as the “corrected fODF”. The corrected fODF is regarded as the default
choice, and it was utilized in our calculations unless otherwise indicated. However, some
comparisons with the uncorrected fODF were made in order to demonstrate the
differences between the two variants. Parametric maps for the FAA were calculated from
the fODFs by using Equation (7.14). For comparison, using the same HARDI datasets,
QBI-derived dODFs were calculated via application of the forward Funk transform of
Equation (7.3) and CSD-derived fODFs were estimated via a response function using the
‘fa’ algorithm in MRTrix3. Both QBI and CSD were performed with lmax = 6.
The local maxima (peaks) for the fODFs of each voxel were determined by using
the peak detection algorithm described by Glenn and coworkers (Glenn et al., 2015b).
The direction of the peak with the largest amplitude was taken as the principal fODF
direction. Two peak filtering thresholds were tested, 10% and 40% of the largest peak
amplitude. Peaks with an amplitude of less than the prescribed threshold were excluded
from our analysis of fODF peak direction characteristics. The 10% threshold was selected
for peak filtering as it is the default under the widely used CSD framework (Tournier et
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al., 2007). The 40% threshold was chosen so that the fractions of WM voxels with one,
two, and three or more peaks were roughly similar to the values reported by Jeurissen and
coworkers (Jeurissen et al., 2013). Small spurious peaks due to signal noise are common
features of experimentally measured fODFs, and similar peak thresholds are often
employed to filter these out (Wilkins et al., 2015). The analysis of peak characteristics
included the variation with b-value of the principal fODF direction and of the number of
detected peaks per voxel.
In order to assess the extent to which the estimated fODFs contain unphysical
negative values, a negativity index (NI) was defined as
NI ≡

∫ | F(u) | dΩ
∫ F(u)dΩ
u

u

−1,

(7.17)

with the integrals being taken over all directions u . This is zero if the fODF is positive in
every direction, as should be true for the exact fODF, and increases as the fODF takes on
more negative values. Negative values may result from approximations inherent in using
either Equation (7.6) or Equation (7.10) to determine the fODF, from signal noise, and
from imaging artifacts. However, it should be noted that both of these equations
guarantee that ∫ F(u)dΩu > 0 for all voxels with a nonzero signal in at least one diffusion
encoding direction.
For Subjects 1-3, a diffusional kurtosis imaging (DKI) (Jensen and Helpern, 2010;
Jensen et al., 2005) analysis was also performed using the dMRI data obtained with bvalues of 0, 1000 and 2000 s/mm2. Diffusional Kurtosis Estimator (DKE)
(http://www.nitrc.org/projects/dke/) was applied to this data in order to obtain the
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diffusion and kurtosis tensors along with several standard rotationally invariant diffusion
measures, such as FA, MD, and mean kurtosis (MK) (Tabesh et al., 2011).
In the analysis of the data from Subjects 1-3, a WM matter mask was defined as
all voxels satisfying the conditions MD < 1.5 µm2/ms and MK > 1(Yang et al., 2013).
Since low b-value data were not obtained for Subject 4, a DKI analysis was not possible,
and therefore we instead defined a WM mask with the condition ζ > 0.2, which
included mainly WM voxels as verified by reference to the anatomical T1-weighted
image. In generating this second mask, we used the HARDI dataset with 256 directions.
As the microstructure of cerebellar WM differs significantly from that of cerebral WM
(Bush and Allman, 2003), the cerebellum was excluded from all WM masks.
For Subject 3, whole-brain deterministic WMFT was performed using the Euler
method (Jeurissen et al., 2019) with the directions in each voxel being determined from
up to three fODF peaks provided their amplitudes satisfied the threshold condition
described above. If more than three peaks satisfied the threshold, then only the three
peaks with the largest amplitudes were chosen. A total of 250,000 seed points were
distributed randomly throughout the WM mask with a step size of 0.1 mm and a
minimum track length of 30 mm. Tracks were terminated whenever the FA dropped
below 0.1 or the angular change in direction was greater than 35°.
For comparison, WMFT was also generated using peak directions derived from
DTI, QBI, and CSD. For DTI, each voxel had a single direction corresponding to the
principal diffusion tensor eigenvector. For QBI and CSD, the directions were determined
in precisely the same way as for FBI, except with the dODF replacing the fODF in QBI.
Identical seed points and termination criterion were employed for all four types of
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WMFT. Thus, any discrepancies in the WMFT generated across these approaches are
attributable solely to differences in the number of peaks and their directions.
Noise Simulations
In order to systematically characterize the effect of noise on the FBI results,
specifically the microstructural parameters ( ζ and FAA) and the estimated fODF,
numerical simulations were performed. The previously processed HARDI data (see
Image Processing, first paragraph) was taken as our ground-truth to which we added
Rician noise, denoised again and then ran through the analysis pipeline. To generate the
Rician distribution, the noise map output from the initial denoising step was employed.
Each voxel value within this map corresponds to the standard deviation of the noise
distribution. Consequently, this also set the simulation SNR levels to match those of the
original analyses. A total of 100 numerical simulations were performed across each bvalue (Subjects 1-3) and across each TE (Subject 5) with lmax = 6. The standard deviation
of the estimates of ζ , FAA and the principal fODF direction due to noise were then
assessed within the WM across the simulations.
All of the computer code used for our data analysis is either in the public domain
or available upon direct request (see Data and Code Availability Statement).
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Results
The direction-averaged dMRI signal, S , in WM as a function of b-value is shown in
Figure 7.1 for Subjects 1-3. For b-values of about 4000 s/mm2 and above, the signal
decays approximately as b

−1/2

as predicted by FBI and as observed in prior studies

(McKinnon et al., 2017; Novikov et al., 2018a; Veraart et al., 2019). For b-values below
4000 s/mm2, S decays more quickly than b

−1/2

due to contributions from extra-axonal

water.

Figure 7.1 Logarithm of the mean ratio between the direction-averaged dMRI signal (𝑆̅) and the signal
without diffusion weighting (S0) over all WM voxels from the three subjects as a function of the
logarithm of the ratio between a chosen reference b-value (𝑏#$ ≡ 10,000 s/mm%) and the b-value (b)
used to acquire the HARDI data. The leftmost data points correspond to 𝑏 = 𝑏#$ while the rightmost
data points correspond to 𝑏 = 10,000 s/mm%. The theory underlying FBI predicts that the directionaveraged signal obeys a simple power law scaling of the form, 𝑆̅ ∝ 𝑏 &#/% for large b-values. Thus, the
data points should approach a line having a slope of one-half as the b-value is increased as is apparent
for 𝑏 ≥ 4,000 s/mm%(four leftmost b-values). Some of the subject data points have been slightly
displaced in the horizontal direction to improve readability, and the error bars indicate standard
deviations.
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In WM for the same three subjects, the average harmonic powers of Equation
(7.15) with degrees l = 2, 4, and 6 are plotted in Figure 7.2 as functions of b-value, along
with two types of fits to the data based on the theoretical predictions of Equation (7.16).
The solid lines are global fits to the full dataset with a single fitted value for Da across
degrees for each subject, while the dashed lines are fits restricted to the data for b ≥ 4000
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s/mm2 with Da set to 2.25 µm2/ms. The restricted fitting is included since the data points
with b < 4000 s/mm2 are more prone to contamination from extra-axonal water signal,
which is not accounted for in Equation (7.16). The value of Da = 2.25 µm2/ms is taken
from Dhital and coworkers (Dhital et al., 2019). The global fits have just four adjustable
parameters ( Da , u2 , u4 , and u6 ) for the full dataset from each subject. For the restricted
fitting, the only adjustable parameters are the three scales u2 , u4 , and u6 . The global fits
match the data well, but the estimated values of Da for the three subjects (2.94 ± 0.10,
3.15 ± 0.13, and 3.20 ± 0.12 µm2/ms) are somewhat high in comparison to estimates of

Da obtained through alternative means (Dhital et al., 2019; Kaden et al., 2016;
McKinnon et al., 2018; Novikov et al., 2018b; Veraart et al., 2019; Veraart et al., 2018b),
which likely reflects a bias from the extra-axonal water. The majority of the data points
are also close to the restricted fits with the more a more realistic Da value, except for the

p2 data points at b = 1000 and 2000 s/mm2.
Representative parametric maps of ζ , FAA, and color FAA are shown in Figure
7.3 for a single anatomical slice from one subject as calculated with b = 1000, 2000,
4000, 6000, 8000, and 10,000 s/mm2. The dependence of these maps on b-value is
negligible above the suggested threshold for FBI of b = 4000 s/mm2. However, the maps
differ noticeably below this threshold, reflecting the incomplete suppression of the extraaxonal water signal.
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Figure 7.3 Parametric maps of FBI-derived measures from one subject for a single anatomical slice. The
columns, from left to right, show z, FAA, and color FAA maps for b-values ranging from 1000 to 10,000
s/mm2. The calibration bar for z has units of ms1/2/µm while FAA is dimensionless. The color FAA
depicts directionality where the convention is left-right (red), anterior-posterior (green), and superiorinferior (blue). FBI predictions are only meaningful in WM regions and are expected to become more
accurate with increasing b-value as the contributions from extra-axonal water are further reduced.
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Figure 7.4 Mean values for z and FAA over all WM voxels from the three subjects as functions of
b-value. Both parameters are fairly constant for b ³ 4000 s/mm2 suggesting this to be approximately
the minimum diffusion weighting needed for reasonable accuracy with FBI. The calculations utilized
128 diffusion-encoding directions. Some subject data points have been slightly displaced in the
horizontal direction to improve readability, and the error bars indicate standard deviations

Figure 7.5 Voxel-wise standard deviations for z and FAA (sz and sFAA ) averaged over all WM voxels
as functions of b-value. These were calculated from numerical simulations based on adding Rician noise
to the previously processed HARDI data from three subjects (Subjects 1-3). The voxel-wise standard
deviations for z are relatively insensitive to the b-value, but they grow noticeably with increasing bvalue for FAA. Some subject data points have been slightly displaced in the horizontal direction to
improve readability, and the error bars reflect the spread over all WM of the voxel-wise standard
deviations.
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Mean WM values for ζ and FAA from Subjects 1-3 are plotted in Figure 7.4 as
a function of b-value. Again, there is little b-value dependence above b = 4000 s/mm2.
The voxel-wise standard deviation across the numerical simulations is plotted in Figure
7.5 as a function of b-value for ζ and FAA ( σ ζ and σ FAA ) for Subjects 1-3. Relatively
stable behavior is observed for ζ even into the low SNR regime of the higher b-values.
In contrast, FAA has a markedly larger spread as b-value is increased.
The effect of varying the number of diffusion-encoding directions with the bvalue fixed at 6000 s/mm2 is demonstrated in Figure 7.6 for both ζ and FAA. Similar
results are obtained for 64, 128, and 256 directions, but with only 30 directions lower
values are seen for the mean ζ and FAA. This suggests that 64 or more directions are
adequate for estimation of these two parameters, which is consistent with previously
reported conclusions based on numerical simulations (McKinnon et al., 2018). The TE
dependence of ζ and FAA is shown in Figure 7.7 at a fixed b-value of 4000 s/mm2 with
128 diffusion-encoding directions. For both metrics, there is no observable dependence
on TE. In Figure 7.8, the simulations across TE values show a slight upward trend of
σ ζ and σ FAA as TE is increased from 90 to 120 ms.
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Figure 7.6 Mean values for z and FAA over all WM voxels from a single subject (Subject 4) as
functions of the number of diffusion-encoding directions with b = 6000 s/mm2. The number of
diffusion-encoding directions used were 30, 64, 128, and 256. Similar values are found with 64
directions and above indicating that 64 directions are sufficient for estimation of these two
microstructural parameters. However, discrepant values are obtained when only 30 directions are
used showing this to be inadequate sampling. Error bars signify standard deviations.

Figure 7.7 Mean values for z and FAA over all WM voxels from a single subject (Subject 5) as
function of the TE with b = 4000 s/mm2 and 128 diffusion-encoding directions. For TE varying
between 90 and 120 ms, little change in the parameter values is observed. Error bars signify
standard deviations.
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Figure 7.8 Voxel-wise standard deviations for z and FAA (sz and sFAA ) averaged over all WM voxels
as functions of TE. These were calculated from numerical simulations based on adding Rician noise to
the previously processed HARDI data from Subject 5. For both parameters, the voxel-wise standard
deviations tend in grow with increasing TE. The error bars reflect the spread over all WM of the voxelwise standard deviations.

Examples of both uncorrected and corrected fODFs, as calculated with FBI, are
displayed in Figure 7.9 for three different WM voxels from a single subject. The data
were acquired with a b-value of 6000 s/mm2 and 128 diffusion-encoding directions while
the voxels were selected to represent regions with one, two, and three major peak
directions.
The differences between the uncorrected and corrected fODFs are subtle, but the
peaks are slightly sharper for the corrected fODF. In addition to the major peaks, several
smaller peaks are apparent, which could be due to noise and/or represent true fine
structure of the fODF. Such smaller peaks would typically not be employed in WMFT.
Also shown in Figure 7.9 are the diffusion ellipsoid of DTI, the dODF of QBI and the
fODF of CSD for the same three voxels. The diffusion ellipsoid was calculated using
HARDI data for b = 1000 s/mm2, and the same data as for the FBI fODFs was used to
generate the QBI dODF and CSD fODF. The diffusion ellipsoid always has a single peak
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direction corresponding to the principal diffusion tensor eigenvector excluding
exceptional cases in which the diffusion tensor has degenerate eigenvalues. As a
consequence, DTI-based WMFT utilizes only one direction in each voxel and is not able
to faithfully represent voxels with fiber crossings (Lazar, 2010). The dODF, in contrast,
is able to resolve fiber crossings by detecting multiple peak directions per voxel.
However, the peaks for the dODF are not as pronounced as those for the fODFs reflecting
the fact that the dODF is the result of smoothing the uncorrected fODF with a double
Funk transform. This blurred nature of the QBI-derived dODF may impact both the
accuracy and sensitivity of QBI-based WMFT. The CSD-derived fODF is comparable to
the FBI fODFs in sharpness and multiple direction characteristics. There is increased
spurious peaks at the center of the CSD fODF compared to those derived from FBI.

Figure 7.9 A diffusion ellipsoid calculated from DTI (b = 1000 s/mm2), a dODF calculated from QBI, and
fODFs calculated from CSD and FBI (all at b = 6000 s/mm2) for voxels with single and crossing fibers. The
two FBI fODFs are calculated with 𝐷$ = ∞ (uncorrected fODF) and with 𝐷$ = 3.0 μm2/ms (corrected
fODF). The QBI-derived dODF improves upon the DTI ellipsoid by resolving the fiber crossings while the
fODFs of CSD and FBI are substantially sharper than the dODF. Note also that the corrected fODF is
slightly sharper than the uncorrected fODF.
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The estimated ODF shape across b-value is shown in Figure 7.10 for QBI, CSD
and FBI for the same three voxels of Figure 7.9. The uncorrected and corrected FBI
fODF becomes sharper as the b-value is increased, with the corrected fODF showing
direction defining features even at low b-values in the two and three fiber cases. The
uncorrected and corrected FBI fODF begin to converge to similar glyph shapes between
approximately b = 4000 and 6000 s/mm2. The CSD fODF shows consistency across bvalues for all three fiber cases and has similar features as the corrected FBI fODF. The
QBI dODF, as was seen in Figure 7.9, can detect multiple directions, yet they only
become clearly discernable by b = 6000 s/mm2 for the two and three fiber cases.

Figure 7.10 The ODF estimate across b-value for the QBI dODF, the CSD fODF, and the uncorrected
(𝐷$ = ∞) and corrected (𝐷$ = 3.0 μm2/ms) FBI fODFs. The ODFs depicted for each method comes from
the same three voxels of Figure 7.9 containing single and crossing fibers. As b is increased, notice that the
two FBI fODF variants converge to similar ODF representations by approximately b = 4000 s/mm2. There
are minor observable differences as b is increased to 10,000 s/mm2. The CSD fODF has sharp features,
even in the low b-value regime around 2000 s/mm2, and is as similar to the corrected FBI fODF. The QBI
dODF is blurred until roughly b = 4000 s/mm2where definite peak directions begin to show through.
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Figure 7.11 Difference between FAA values for the corrected (𝐷$ = 3.0 μm2/ms) and
uncorrected (𝐷$ = ∞) FBI fODFs as a function of b-value for three subjects. Due to sharper
features, the FAA for the corrected fODF is always larger than for the uncorrected fODF. The
difference between the fODF variants decreases as the b-value is increased. Some subject data
points have been slightly displaced in the horizontal direction to improve readability, and the
error bars indicate standard deviations.

The FAA differences ( ΔFAA ) as calculated from corrected and uncorrected
fODF are plotted in Figure 7.11 for Subjects 1-3 to assess the effect of applying the
correction factor of Equation (7.10) as a function of b-value. The corrected fODF always
has a larger FAA than the uncorrected fODF. However, as b is increased, the correction
factor provides minimal improvements in the estimate of the fODF which is seen in the
substantial reduction in error bars that represent the standard deviation. This result is in
congruence with the assumption that at high b-values the intra-axonal water dominates
the measured dMRI signal.
The fractions of WM voxels from Subjects 1-3 with one, two, and three or more
detected peak directions per voxel as a function of the b-value are plotted in Figure 7.12.
All directions were obtained from the corrected fODF with the peak threshold set at both
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10% and 40% of the largest peak amplitude. When a peak filtering threshold of 10% is
applied, the voxel fractions of one and two peak directions is basically non-contributing
across all b-values and is highly skewed towards three or more peaks.
When filtering peaks by using the 40% threshold, for b-values of 4000 s/mm2 and
above, the voxel fractions are fairly consistent with each other; for lower b-values, the
fraction of voxels with one or two peaks decreases sharply, while the fraction with three
or more increases correspondingly with the 40% threshold. At this peak filtering
threshold of 40%, this suggests that FBI-based WMFT should employ b-values of at least
4000 s/mm2

Figure 7.12 Fraction of WM voxels from three subjects with one, two, and three or more fODF peak
directions as a function of b-value. The number of directions in each voxel was determined by using peak
threshold factors of 10% and 40% of the maximum peak amplitude. At the 40% threshold, the voxel
fractions are nearly constant for (sz and sFAA). For lower b-values, the voxel fractions deviate
substantially, implying that the fODFs are not reconstructed accurately. For the 10% threshold, most of
the WM voxels have three or more peak directions, but only a small number have three or more peak
directions at the 40% threshold and𝑏 = 4000 s/mm%.
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Figure 7.13 Mean angular difference (q) between the principal fODF direction and a reference direction
(principal direction at 𝑏 ≡ 𝑏#$ = 10,000 s/mm%) over all WM voxels from each of three subjects as a
function of b-value for maximum spherical harmonic degrees of lmax = 4, 6, and 8. The angular
differences are all similar for 4000 s/mm% ≤ 𝑏 ≤ 8000 s/mm% but increase for smaller b-values,
depending on lmax. The lmax = 8 values tend to be larger, which may reflect the greater noise sensitivity
of the higher degree harmonics. The data points for 𝑏 = 10,000 s/mm% are zero by definition. Some
subject data points have been slightly displaced in the horizontal direction to improve readability, and
the error bars indicate standard deviations

Figure 7.13 plots the absolute angular difference ( θ ) between the principal
(corrected) fODF peak direction at a given b-value and the principal fODF direction at

b = 10,000 s/mm2 for lmax = 4, 6 and 8 for Subjects 1-3. The data points are averages over
all WM voxels. By definition, the data points at b = 10,000 s/mm2 are precisely zero. For
all b-values at lmax = 4, the mean angular differences are all close to 5°. For b = 2000,
4000, 6000, and 8000 s/mm2 at lmax = 6, the mean angular differences are also close to 5°,
while they exceed 10° for b = 1000 s/mm2. Similar observations are made at lmax = 8,
except that the mean angular differences at b = 2000 s/mm2 now exceed 10°.

These

differences are amplified at lmax = 8 and may reflect the effects of signal noise, motion,
image misregistration, and/or systematic bias.
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Figure 7.14 shows the absolute angular differences, again averaged in the WM,
between the principal peak directions for the uncorrected and corrected fODFs at lmax = 4,
6 and 8 using the same data as for Figure 7.13. For all lmax’s the mean differences
decrease with increasing b-value to less than approximately 2° for b = 10,000 s/mm2. The
2
2
simulation results in Figure 7.15 show that for 4000 s/mm ≤ b ≤ 8000 s/mm the voxel-

wise standard deviation of the angular difference of the principal fODF peak direction (

σ θ ) are similar.

Figure 7.14 Mean angular difference (q) between the principal fODF directions as calculated with 𝐷$ =
3.0 µm2/ms (corrected fODF) and 𝐷$ = ∞ (uncorrected fODF) over all WM voxels from each of three
subjects as a function of b-value for maximum spherical harmonic degrees of lmax = 4, 6, and 8. The
angular differences are approximately two degrees or less for b ³ 4000 s/mm2. This shows that the
principal fODF directions are insensitive to the choice of D0 for b ³ 4000 s/mm2. Some subject data points
have been slightly displaced in the horizontal direction to improve readability, and the error bars indicate
standard deviations.
Figure 7.15 Voxel-wise standard deviations for angular
difference (sz) between the principal fODF direction and
a reference direction (principal direction at 𝑏 ≡ 𝑏#$ =
10,000 s/mm%) averaged over all WM voxels from each
of three subjects (Subjects 1-3) as a function of b-value.
These were calculated from numerical simulations based
on adding Rician noise to the previously processed
HARDI data of the three subjects. The voxel-wise
standard deviations are all similar for4000 s/mm% ≤
𝑏 ≤ 8000 s/mm%. The data points for are zero by
definition. Some subject data points have been slightly
displaced in the horizontal direction to improve
readability, and the error bars reflect the spread over all
WM of the voxel-wise standard deviations.
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Figure 7.16 Angular differences (q) between
the principal fODF direction and a reference
direction (principal direction for 256
diffusion-encoding directions) averaged over
all WM voxels from a single subject (Subject
4) as a function of the number of diffusionencoding directions for lmax = 4, 6 and 8.
Similar values are found with 64 and 128
directions, with little dependence on lmax, but
substantially higher values are obtained when
only 30 directions are used with lmax = 6 or 8.
The data points for 256 directions are zero by
definition. Error bars signify standard
deviations

In Figure 7.16, mean angular differences in the WM of Subject 4 across the
number of diffusion-encoding directions are shown for lmax = 4, 6 and 8. It is seen that
differences of the fODF principal direction (referenced to 256 directions, which is zero
by definition) have similar values for 64 and 128 directions. There is a substantial
increase in the angular differences going from lmax = 4 to lmax = 8 at 30 encoding
directions.
The mean angular difference across TE values within the WM of Subject 5 for
lmax = 4, 6 and 8 are plotted in Figure 7.17. Similar values are observed across all TE’s
where TE = 90 ms is zero by definition. Simulation results for voxel-wise standard
deviations in the WM of Subject 5 across TE’s are provided in Figure 7.18 where stable
behavior observed across all TE’s. Again, TE = 90 ms is zero by definition.
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Figure 7.17 Angular differences (q)
between the principal fODF direction and a
reference direction (principal direction for
TE = 90 ms) averaged over all WM voxels
from a single subject (Subject 5) as a
function of TE for lmax = 4, 6 and 8. Similar
values are found for all echo times other
than for TE = 90 ms, which is zero by
definition. There is also with little
dependence on lmax. Error bars signify
standard deviations.

Figure 7.18 Voxel-wise standard deviations for
angular differences (sq) between the principal
fODF direction and a reference direction (principal
direction for TE = 90 ms) averaged over all WM
voxels from a single subject (Subject 5) as a
function of TE. These were calculated from
numerical simulations based on adding Rician
noise to the subjects’ previously processed HARDI
data. Similar values are found for all echo times
other than for TE = 90 ms, which is zero by
definition. The error bars reflect the spread over all
WM of the voxel-wise standard deviations.

The NI, as defined by Equation (7.17), is plotted as a function of b-value in Figure
7.19 for lmax = 4, 6 and 8. The data points are mean WM values for Subjects 1-3. The NI
is less than 0.1 for all data points with b ≥ 2000 s/mm2 at l = 4 and 6 indicating that the
fODFs take on primarily positive values. For l = 8, the corrected fODF has large NI
values (not shown) for b ≤ 2000 s/mm2, and at b ≥ 4000 s/mm2 these values are only
slightly larger than those for l = 4 and 6. The NI for the corrected fODF across all degrees
is substantially larger than for the uncorrected fODF, which may be due, in part, to a
greater sensitivity to signal noise for the generalized inverse Funk transform than for the
standard inverse Funk transform (Jensen et al., 2016).
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Figure 7.19 Average NI versus b-value for three subjects with maximum spherical harmonic degrees of
lmax = 4, 6, and 8. The square data points are for the corrected fODF, while the circular data points are
for the uncorrected fODF. A substantially lower NI is found for the uncorrected fODF. In all cases, the
NI is small in comparison to one indicating that most fODF values are positive. That the NI is higher for
the corrected fODF is likely a consequence of signal noise, the effects of which are amplified as D0 is
decreased. The error bars represent inter-subject standard deviations

Whole-brain WMFT for Subject 3 is shown in Figure 7.20 as calculated using the
peak directions obtained from DTI, QBI, CSD and FBI. For FBI, examples for both the
uncorrected and corrected fODFs are given. The DTI-based WMFT used the HARDI
2
data with b = 1000 s/mm while the WMFT for QBI, CSD and FBI employed the same
2
data with b = 6000 s/mm . Of the four cases, the DTI-based WMFT is the sparsest

reflecting the fact that DTI provides only a single direction per voxel. The FBI-based
WMFT is noticeably more extensive than the QBI-based WMFT possibly due to FBI’s
higher sensitivity to fiber crossings. The CSD-based WMFT is extensive and is
qualitatively similar to the FBI-based WMFT. FBI-based WMFT using the uncorrected
fODF is similar to that obtained with the corrected fODF.
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Figure 7.20 Whole-brain, deterministic WMFT generated from DTI, QBI, CSD and FBI. Identical seed
points, fiber tracking algorithms, and track termination criteria were used in all cases, so that any
discrepancies are due solely to differences in the number and directions of the peaks identified by the four
methods. FBI-based WMFT produces the most extensive set of fiber tracks, due to its greater sensitivity to
fiber crossings, and appears similar whether the uncorrected (𝐷$ = ∞) or corrected (𝐷$ = 3.0 μm2/ms)
fODF is used. The extent of the CSD-based WMFT is similar in breadth to the FBI-based WMFT.
Noticeable differences between DTI-based, QBI-based and FBI-based WMFT are apparent, for example,
in the corpus callosum (shown in red) where it crosses the superior longitudinal fasciculus (shown in
green).

Discussion
A central premise of FBI is that the spherical harmonic expansion coefficients of
HARDI data for strong diffusion weightings are dominated, in WM, by the contributions
from intra-axonal water (Jensen et al., 2016). As a consequence, in applying FBI, it is
crucial to employ a sufficiently large b-value in order to adequately suppress the effects
of extra-axonal water. In prior work, an appropriate b-value threshold was estimated by
examining how the direction-averaged HARDI data and the microstructural parameter

ζ depend on diffusion weighting (McKinnon et al., 2017). Here, we have extended this
previous analysis by also investigating the b-value dependence of the harmonic powers
for the HARDI data, the FAA, and the fODF peak directions. Our results confirm prior
results that a minimum b-value of about 4000 s/mm2 is sufficient, at 3 T, for the b-value
dependence of the dMRI signal to follow the predictions of FBI. There is also good
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consistency between theory and experiment for the l = 2, 4, and 6 harmonic powers
providing a significant additional validation of the FBI approach as well as the “stick”
model of WM in general (Novikov et al., 2018a). Our observation that FBI predictions
for FAA and fODF peak directions are relatively independent of the diffusion weighting
above b = 4000 s/mm2, as should be the case for intrinsic tissue properties, also supports
this as an appropriate b-value threshold for FBI. For our experiments, this picture appears
to hold up to at least b-values of 10,000 s/mm2, although it is expected to eventually
breakdown for extremely large b-values when the wavelength of the associated q-vector
becomes comparable to axonal radii (Jensen et al., 2016; Veraart et al., 2018a). More
practically, on currently available clinical scanners, it is challenging to obtain high
quality HARDI data with b-values much beyond 6000 s/mm2 due to signal noise. Thus, a
b-value range of 4000 to 6000 s/mm2 can be recommended in most circumstances for FBI
at 3 T. But it should be emphasized that all of our results were obtained for healthy,
young adults. For young children and adults with severe neuropathology or for fixed
brain tissue, it is possible that the optimal range of b-values may differ.
Another important consideration in applying FBI is choosing the number of
diffusion-encoding directions. Increasing the number of diffusion-encoding directions
improves both the accuracy and precision with which the signal’s spherical harmonic
expansion coefficients can be computed but at the price of a longer scan time. The
original work on FBI employed 256 diffusion-encoding directions with scan times of
over 30 minutes (Jensen et al., 2016), which is prohibitive for many potential
applications, especially clinically. Here we find that as few as 64 diffusion-encoding
directions are adequate, which is consistent with prior numerical simulations for an FBI125

based microstructural modeling method (McKinnon et al., 2018). This allows whole brain
FBI datasets to be acquired in less than 5 minutes when using a multiband acceleration
factor of 2. However, 30 diffusion-encoding directions are too few for the reliable
estimation of ζ and FAA, as shown in Figure 7.6.
The choice of TE is also vital for ensuring sufficient SNR while still adhering to
the main underlying FBI assumptions. We find minimal change in the microstructural
parameters of FBI and the estimated fODF for TE ranging from 90 to 120 ms at the fixed
b-value of 4000 s/mm2 (Figures 7.7 and 7.17). Due to scanner hardware limitations, we
were unable to decrease the TE any lower at the fixed b-value of 4000 s/mm2 tested here.
In the high b-value regime (considered here to be b ³ 4000 s/mm2), the measured
signal rapidly approaches the noise floor. The effect of noise on the microstructural
parameters and estimated fODF of FBI was investigated here with numerical simulations
by adding Rician noise to the previously processed HARDI data, denoising once more
and then running it through the analysis pipeline. This procedure was repeated 100 times
for each b-value (Subjects 1-3) and for each TE (Subject 5). From these numerical
simulations, we find that the estimates of the microstructural parameters and fODF of
FBI are relatively stable in the presence of noise (Figures 7.5, 7.8, 7.15 and 7.18).
We have considered two different variants of the fODF as calculated with FBI.
The first is based on the pure inverse Funk transform of HARDI data for a specified bvalue shell. The second modifies the inverse Funk transform by introducing the function
g2l ( bD0 ) where D0 is a diffusivity scale that must obey the constraint D0 ≥ Da . As

D0 → ∞ , g2l ( bD0 ) tends to unity and this generalized inverse Funk transform reduces to
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the pure inverse Funk transform. On the other hand, as D0 → Da , the accuracy of the FBI
estimates of the spherical harmonic expansion coefficients should improve (Jensen et al.,
2016). Since the intra-axonal diffusivity Da would not usually be known in advance, we
set D0 equal to the 37 °C free water diffusivity of 3.0 µm2/ms, which is presumably an
upper bound for Da . (While it is true that our analysis of the harmonic power for the
dMRI signal provides a value for Da , this requires multiple b-value shells and is not
applicable to the many voxels for which the amplitude of the l = 4 harmonic is near or
below the noise floor.) We find that the corrected fODF with D0 = 3.0 µm2/ms differs
only slightly from the uncorrected fODF calculated with the pure inverse Funk transform.
The corrected fODF is slightly sharper (Figures7.9 and 7.10), but the uncorrected fODF
is less sensitive to signal noise and takes on fewer unphysical negative values (Figure
7.19). Moreover, the ΔFAA shows that the FAA of the corrected fODF always has
higher anisotropy and thus sharper features than the uncorrected fODF (Figure 7.11).
Based on these results, we do not strongly recommend one variant over the other.
The close link between FBI and QBI is most evident from the fact that the dODF
of QBI is precisely the double Funk transform of the uncorrected fODF of FBI. As a
consequence, the QBI-derived dODF will always be smoother than the FBI-derived
fODF, which implies that the axonal fiber bundle orientations are better delineated with
FBI leading to more extensive WMFT (Figure 7.20). Since the data requirements for QBI
and FBI are identical and since they employ similar computational methods, we suggest
that FBI be preferred for WM applications. However, an advantage of QBI is that it has a
theoretical basis independent of any assumptions regarding tissue microstructure (Tuch,
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2004), and so its use may be better justified in WM with severe pathology or in other
tissue types (Dierckx et al., 2009)
A variety of alternative dMRI methods for estimating fODFs have been
developed (Anderson, 2005; Daducci et al., 2014; Schilling et al., 2018; Tournier et al.,
2007; Tournier et al., 2004; Wilkins et al., 2015). The distinctive features of the FBI
approach are: 1) it is based on a straightforward linear transformation, the inverse Funk
transform, and thereby avoids the need for complex numerical fitting; 2) it only employs
intra-voxel information without fixing any parameters or other quantities globally (with a
minor exception for D0 with the corrected fODF); 3) it makes only minimal, wellsupported assumptions about WM microstructure. For example, the CSD technique
requires, in contrast, both numerical regularization and a globally defined response
function in order to find the fODF (Tournier et al., 2007). This is not to imply that such
alternative methods do not have potential advantages. An advantage of CSD relative to
FBI is that it does not assume the b-value to be so high that the signal from the extraaxonal space is largely suppressed, which allows CSD to be applied to lower b-value
datasets than is appropriate for FBI. While the CSD-derived fODF was included for
visual comparison in this study, a detailed investigation that compares FBI-derived
fODFs with fODFs generated with other approaches would be a valuable extension of
this study.
One application of FBI is the calculation of WMFT. Here FBI simply supplies the
fODF, which then can be incorporated into one of many established fiber tracking
algorithms (Jeurissen et al., 2019; Lazar, 2010). For deterministic WMFT, it is usually
just the directions of the fODF peaks that are employed, with FBI sharing the advantage,
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relative to DTI, of most other advanced WMFT techniques in being able to resolve intravoxel fiber crossings. For probabilistic WMFT, the full fODF could be used to construct
a probability distribution of possible directions for each WM voxel. Here we have only
given examples of deterministic WMFT based on FBI to demonstrate the feasibility of
this; hence, more work remains to be done in this regard.
The fact that extra-axonal water is relatively more mobile than intra-axonal water
in directions perpendicular to an axonal fiber bundle has the consequence, as we have
discussed, that the spherical harmonic expansion coefficients of HARDI data are
dominated, for high b-values, by contributions from intra-axonal water. FBI takes
advantage of this to obtain a remarkably simple expression for the fODF as well as for
the microstructural parameters ζ and FAA. A notable feature of the FBI-derived fODF
and FAA is that they are specific to axons and thus not influenced by the extra-axonal
space. This is quite different from most conventional diffusion parameters, such as the
MD and FA, which reflect properties of both intra-axonal and extra-axonal water. The
axon specificity of the fODF and FAA may be valuable in clarifying the microstructural
origin of diffusion changes associated with pathology. For example, cerebral edema
would be expected to strongly affect the MD and FA but not the FAA.
Similar considerations apply to partial volume effects due to cerebrospinal fluid
(CSF), which can significantly alter both the MD and FA in certain brain regions (Bhagat
and Beaulieu, 2004). Because the FBI-derived fODF and FAA are axon-specific, they are
immune to CSF contamination. However, CSF may alter the parameter ζ , since it is
proportional to the axonal water fraction. More problematic is gray matter contamination,
as may be particularly pronounced for subcortical WM within gyri. In this case, the
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strong diffusion-weighting used with FBI is not necessarily adequate to suppress the gray
matter signal, resulting in errors to the estimated FBI parameters. But for most deep WM
voxels this should not be an issue.
An outstanding question regarding the interpretation of FBI is whether it includes
contributions from intra-axonal water within unmyelinated axons, but there is reason to
think that this is not the case. In particular, the direction-averaged signal in gray matter
does not obey the b

−1/2

scaling behavior found in WM (McKinnon et al., 2017), even

though gray matter contains many axons (Chklovskii et al., 2002). This could be
explained if unmyelinated axons, which predominate in gray matter, have a higher water
permeability than myelinated axons so as to invalidate the basic assumption of FBI that
water exchange between the intra-axonal and extra-axonal spaces can be neglected on
time scales relevant to dMRI. Such a higher water permeability for unmyelinated axons
could conceivably be mediated by a greater density of ion channels that co-transport
water (Bai et al., 2018; MacAulay and Zeuthen, 2010; Nilsson et al., 2013b). Although
most axons in WM are myelinated, certain regions, such as the genu of the corpus
callosum, also contain a significant number of unmyelinated axons (Aboitiz et al., 1992;
Lamantia and Rakic, 1990), which might then impact parameter estimates obtained with
FBI.
There is also a possibility of some extra-axonal water within glial processes
contributing significantly to the dMRI signal above the b-value scaling regime threshold
of 4000 s/mm2, as should be the case if these processes are well modeled as impermeable
cylinders. However, this is difficult to reconcile with the lack of scaling observed in gray
matter (McKinnon et al., 2017), which contain an abundance of similar processes, as well
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as with relaxation time experiments that suggest intra-cellular and extra-cellular water
outside of myelinated axons are in rapid exchange (Does and Gore, 2002).
In normal WM for b-values exceeding about 4000 s/mm2, the direction-averaged
dMRI signal at 3 T and the signal’s harmonic powers follow closely the predictions of
FBI, supporting its validity for this range of diffusion weightings. Moreover, associated
microstructural parameters and basic features of FBI-derived fODFs vary little with bvalue above this 4000 s/mm2 threshold, as is expected for intrinsic tissue properties. The
microstructural parameters and the fODF were found to be robust in the presence of
signal noise, and had no observable TE dependence within the range of 90 to 120 ms. At
least 64 diffusion-encoding directions are adequate for FBI, but 30 diffusion-encoding
directions are insufficient. A dODF obtained with QBI corresponds precisely to an FBIderived fODF that has be smoothed by attenuating the higher degree spherical harmonics.
As a consequence, FBI is able to generate more comprehensive WMFT than is QBI.
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8
Optimized fODF rectification
……………………
Moss, H. G. & Jensen, J. H. Optimized rectification of fiber orientation density
function. Magn Reson Med. 2020; 85: 444– 455. https://doi.org/10.1002/mrm.28406

Introduction
A fiber orientation density (or distribution) function (fODF) gives the volumeweighted angular density of axon orientations for individual white matter imaging voxels.
It can be estimated from diffusion MRI (dMRI) data with one of several methods
(Dell'Acqua and Tournier, 2019; Jones et al., 2013). These include constrained spherical
deconvolution (CSD),(Tournier et al., 2007; Tournier et al., 2004) which is perhaps the
most commonly employed, and the more recently proposed fiber ball imaging (FBI)
(Jensen et al., 2016; Moss et al., 2019). Both techniques are used for constructing white
matter fiber tractography and for calculating compartment-specific microstructural
parameters (Jensen et al., 2016; Jeurissen et al., 2011; McKinnon et al., 2018; Moss et al.,
2019; Raffelt et al., 2012; Raffelt et al., 2017; Ramanna et al., 2020).
A shortcoming of CSD and FBI, as well as some other approaches, is that
estimated fODFs may take on negative values in some directions due to signal noise and
imaging artifacts (Jian and Vemuri, 2007; Moss et al., 2019; Parker et al., 2013; Tournier
et al., 2007; Tournier et al., 2004). Negative values can also be caused by truncation of a
132

spherical harmonic expansion for an fODF to a finite degree, as is typically done in both
CSD and FBI, which leads to Gibbs ringing (Moss et al., 2019; Parker et al., 2013). Such
negative values are, of course, unphysical and may hamper certain types of applications.
For example, the fODF is interpreted as a probability density in some fiber tracking
algorithms (Descoteaux et al., 2008; Jeurissen et al., 2011), in which case negative values
are problematic. Negative fODF values might also adversely affect the accuracy of
estimates for microstructural parameters.
The most straightforward method of rectifying an fODF is to replace all negative
values with zeros. However, this is not optimal in the sense of minimizing the mean
square difference between the original and rectified fODFs. In this paper, an analytic
expression is given for an optimally rectified fODF that does minimize the mean square
difference. This expression has one free parameter that is fixed by a normalization
condition. An optimally rectified fODF may have fewer peaks than the original fODF,
but the directions of any surviving peaks will be unaltered. In addition, the heights of any
peaks eliminated by rectification will always be less than the heights (before rectification)
of any surviving peaks.
We present here the theory for optimized fODF rectification and illustrate this
method with several examples. We consider first a simple mathematical model in which
negative fODF values are generated by Gibbs ringing. Then we apply the method to both
CSD and FBI fODFs estimated using dMRI data obtained from 3 healthy volunteers for a
b-value of 6000 s/mm2. We also show how rectification affects estimates of the fractional
anisotropy axonal (FAA) and the number of detected fODF peaks. Results for the
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alternative rectification approach of simply setting the negative values to zero, which we
call step function rectification, are provided for the sake of comparison.

Theory
Definition of optimized rectification
Let us represent an original (approximate) fODF by a function F (n) where

n is

a unit direction vector. Without loss of generality, we assume the antipodal symmetry

F (-n) = F (n) and the normalization condition

ò d W F (n) = 1

(8.1)

n

where the integral is over all directions. We suppose that F (n) may take on negative
values in some directions and that we would like to find a rectified fODF, Fˆ (n ) , with the
following properties
Fˆ ( n ) ³ 0 ,

(8.2)

Fˆ ( -n ) = Fˆ ( n ) ,

(8.3)

ò d W Fˆ (n ) = 1.

(8.4)

and
n

In addition, the rectified fODF should be chosen to minimize the cost function
C º ò d Wn éë Fˆ ( n ) - F ( n ) ùû

2

(8.5)

in order to be as close to the original fODF as possible in the mean square sense. It
should be emphasized that normalizing the fODFs so that their integral over all directions
is unity, rather than a different constant, is just a convenient choice, and our method
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generalizes trivially to other normalizations provided they are preserved by the
rectification procedure. A feature of the cost function of Eq. 8.5 is that it depends both on
the positive and negative values of the original fODF. This can be an advantage, as we
shall see, for taking into account fluctuations of the fODF about zero, as may arise from
noise and imaging artifacts.

General solution
The central result of this paper is that the optimized fODF, as defined above, is
given by

1
Fˆ ( n ) = éë F ( n ) - e + F ( n ) - e ùû
.
2

(8.6)

That Eq. 8.6 obeys Eq. 8.2 follows directly from the fact
F (n) - e ³ e - F (n) ,

(8.7)

and Eq. 8.3 holds as a consequence of the antipodal symmetry for F (n) . In order for

Fˆ (n ) to be normalized in accordance with Eq. 8.4, one must choose the parameter e so
that it satisfies the equation

1
d Wn éë F ( n ) - e + F ( n ) - e ùû = 1.
2ò

(8.8)

This condition can also be expressed as

ò dW

n

éë F ( n ) - e - F ( n ) - e ùû = 0 .

(8.8)

The solution to Eq. 8.8 or Eq. 8.8 is unique and is always in the range 0 £ e < Fmax , where

Fmax is the maximum value for F (n) over all directions. The solution e = 0 only occurs
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if F (n) has no negative values in which case the original and rectified fODFs are
identical.
Mathematical proofs that the optimized fODF has the form of Eq. 8.6 and that
there is a unique solution for e are sketched in the Appendix. We also show in the
Appendix that any direction in which the optimized fODF has a local maximum (i.e., a
peak direction) is also a local maximum of the original fODF. It should be noted that if

F ( n ) > e then we simply have F̂ ( n ) = F ( n ) - e ; otherwise Eq. 8.6 simply sets the
optimized fODF to zero. In this way, e acts as a natural threshold.

Step function rectification
A straightforward alternative to the optimized rectification procedure described
above is to set all the negative values to zero and then rescale the fODF so the
normalization is unchanged. This procedure is expressed mathematically as
FS ( n ) = F ( n ) H éë F ( n )ùû

ò d W F (n) H éë F (n )ùû
n

(8.10)

where H ( x) is the Heaviside step function. We call Fs (n) the “step function” fODF.
This approach is the most straightforward procedure possible and is included here as a
reference for comparison with the optimized fODF of Eq. 8.6. The step function fODF
satisfies the same properties of Eqs. 8.2-8.4, but does not minimize the cost function of
Eq. 8.5 except for trivial case of e = 0 .
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Mathematical model with Gibbs ringing
As an illustration of optimized fODF rectification, we use a simple mathematical
model where the exact fODF is given by

F (n) =

1
é H (qc - q ) + H (q c + q - p ) ùû
,
4p (1 - cos qc ) ë

with q being the polar angle for

(8.11)

n and q c a cut-off angle. This fODF is zero for

qc < q < p - qc , and it has a constant positive value for 0 £ q < qc and for p - qc £ q < p .
Thus the fODF is axially symmetric with respect to the line defined by q = 0 .
The spherical harmonic expansion for the fODF of Eq. 8.11 is
¥

F (n ) = å

2l

å c Y (q ,j )

l = 0 m =-2l

where

m m
2l 2l

(8.12)

j is the azimuthal angle for n , Yl m (q , j ) are the spherical harmonics of degree l

and order m, and clm are the expansion coefficients. Only even degree harmonics are
needed because of the antipodal symmetry for F (n) . The expansion coefficients are
given explicitly by

c00 =

1
4p

(8.13)

and

c2ml =

d 0m
× éë P2l -1 ( cos qc ) - P2l +1 ( cos qc )ùû ,
(1 - cos qc ) 4p (4l + 1)

where Pl ( x) is a Legendre polynomial of degree l and
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if l > 0 ,

d mn is the Kronecker delta.

(8.14)

By combining Eqs. 8.12-8.14, one finds that

F (n ) =

¥
1
1
+
å é P2l -1 ( cosqc ) - P2l +1 ( cosqc )ùû P2l ( cosq ).
4p 4p (1 - cos qc ) l =1 ë

(8.15)

If the expansion of Eq. 8.15 is truncated at a finite degree, as is often done with
experimentally determined fODFs, one obtains the approximation

F (n ) »

N
1
1
+
å é P2l -1 ( cosqc ) - P2l +1 ( cosqc )ùû P2l ( cosq )
4p 4p (1 - cos qc ) l =1 ë

(8.16)

where lmax º 2 N is the maximum degree for the retained spherical harmonics. Although
the exact fODF has no negative values, the approximation of Eq. 8.16 will typically take
on negative values in some directions due to Gibbs ringing (Gelb, 1997).

Methods
Mathematical model
For the mathematical model with Gibbs ringing, the original fODF was taken to
be the approximation of Eq. 8.16, while the optimized fODF was determined from Eq.
8.6 and the step function fODF was determined from Eq. 8.10. Values for the parameter

e were found by solving Eq. 8.9 using the bisection method. The integrals needed to
evaluate Eqs. 8.9 and 8.10 were all determined analytically. Three different cut-off angles
were considered, qc = p /12 , p /6 , and p /4 , and the maximum degree was varied from

lmax = 2 to lmax = 12 .
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To assess the accuracy of the original, optimized, and step function fODFs, the mean
square error (MSE) was defined by

MSE º

2
1
d
W
F
n
F
n
é
ù
(
)
(
)
në
exact
û ,
4p ò

(8.17)

where Fexact is the exact fODF of Eq. 8.11 and F is either the approximation of Eq. 8.16,
the corresponding optimized fODF found from Eq. 8.6, or the corresponding step
function fODF found from Eq. 8.10.

Imaging
Three healthy adult volunteers (ages 26-33 yr) were scanned on a 3 T Prismafit
MRI system (Siemens Healthineers, Erlangen, Germany) using a 32-channel head coil
under a protocol approved by the institutional review board of the Medical University of
South Carolina. For each subject, single-shot full Fourier dMRI data were acquired using
a twice-refocused dMRI pulse sequence to reduce eddy current artifacts (Reese et al.,
2003). The following imaging parameters were employed for all 3 subjects: TE = 110 ms,
TR = 5300 ms, FOV = 222 × 222 mm2, acquisition matrix = 74 × 74, slice thickness = 3
mm, number of slices = 42, phase encoding acceleration factor (GRAPPA) = 2, slice
acceleration factor = 2, coil combine mode = adaptive combine, bandwidth = 1648
Hz/px, number of diffusion encoding directions = 128, and b-values = 1000, 2000, and
6000 s/mm2. For 2 subjects, an additional 66 images were obtained with the b-value set to
0 (b0 images) and all other imaging parameters unchanged, while 16 b0 images were
acquired for the third subject. The total imaging time was 35-40 min per subject.
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Data analysis
The preprocessing of the diffusion weighted imaging data included denoising
(Veraart et al., 2016), Gibb’s ringing artifact reduction (Kellner et al., 2016), and Rician
noise bias correction (Gudbjartsson and Patz, 1995) utilizing the noise map generated by
the denoising algorithm. Following these procedures, all the diffusion weighted images
for each subject were subsequently co-registered using a rigid-body transformation
(Ashburner and Friston, 2007). A conventional diffusional kurtosis imaging analysis was
applied to the data with b-values of 0, 1000 and 2000 s/mm2 in order to generate
parametric maps for the mean diffusivity and mean kurtosis (Tabesh et al., 2011). White
matter was then defined as all voxels within the cerebrum having mean diffusivity less
than 1.5 µm2/ms and mean kurtosis greater than 1 (Yang et al., 2013).
Both the CSD and FBI fODFs were calculated from the data with a b-value of
6000 s/mm2. For CSD, the fODFs were generated by MRTrix3 (http://www.mrtrix.org/)
using the ‘fa’ algorithm (Tournier et al., 2019). For FBI, the fODFs were obtained using
the inverse generalized Funk transform with intra-xonal diffusivity upper bound
parameter D0 set to 3.0 µm2/ms (Jensen et al., 2016; Moss et al., 2019). With both
techniques, the fODFs were represented in terms of spherical harmonics including all
even degrees up to 8. Optimized fODFs were found from Eq. 8.6 where the parameter e
was determined by solving Eq. 8.9 with the bisection method. Step function fODFs were
obtained from Eq. 8.10. The integrals in Eqs. 8.9 and 8.10 were performed numerically
using 5286 uniformly distributed directions on a half-sphere, which is sufficient because
of antipodal symmetry. This number of directions corresponds to an angular resolution of
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about 2°, which is small in comparison to the angular scale over which the estimated
fODFs vary significantly.
The FAA for all fODFs was determined using the formula (McKinnon et al.,
2018)
2

FAA =

3 å c2m

2

m =-2

0 2
0

5c

2

+ 2 å c2m

2

.

(8.18)

m =-2

In order to calculate the FAA from Eq. 8.18, the optimized and step function fODFs were
expanded in spherical harmonics up to order 14, after being constructed via Eq. 8.6 or Eq.
8.10, even though only the coefficients for l = 0 and 2 were actually needed. In
determining the expansion coefficients, the same 5286 uniformly distributed directions
were used as with the aforesaid numerical integrals. But for all other calculations, the
exact formulae of Eqs. 8.6 and 8.10 were employed. The FAA represents the fractional
anisotropy for all intra-axonal water within each voxel treated as a single compartment.
In white matter, it tends to be larger than the conventional fractional anisotropy since the
less restricted extra-axonal water pool is excluded. Just as for the conventional fractional
anisotropy, the FAA tends to be higher in single fiber direction voxels and lower invoxels
with fiber crossings.
The number of fODF peaks (i.e., maxima) was obtained by applying the peak
detection algorithm of Glenn and coworkers (Glenn et al., 2015a) Pairs of peaks related
by antipodal reflection symmetry were counted as a single peak. Peaks with amplitudes
below 0.01 were omitted in these counts as being insignificant. This is a much lower peak
threshold than is typically employed in the context of fiber tractography (Jeurissen et al.,
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2011; Tournier et al., 2007). We chose a small peak threshold in order to highlight the
effect of rectification on the total number of peaks.

Figure 8.1 Comparison of original, optimized, and step function fODFs as functions of the polar
angle q for an axially symmetric mathematical model in which the exact of fODF of Eq. 8.11 is
approximated by a spherical harmonic expansion truncated at a degree lmax. The cutoff angle is qc =
p/6 = 30°. The original fODFs (red lines) are calculated from Eq. 8.16 with N set to 2, 3, 4, and 5
corresponding to lmax = 4, 6, 8, and 10. The optimized fODFs (blue lines) are obtained by first solving
Eq. 8.9 to find the parameter e and then using Eq. 8.6 to calculate the fODF. The step function fODFs
(green lines) are found from Eq. 8.10. Also shown are the exact fODFs (black lines). The original
fODFs take on negative values due to Gibbs ringing. These negative values are eliminated in the
rectified fODFs. Notice that the original and rectified fODFs have peaks located at identical angles for
all surviving peaks and that optimized rectification suppresses the smaller peaks more strongly than
step function rectification.
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Results
Mathematical model
Examples of the exact and original fODFs for the mathematical model of Eq. 8.11 are
shown in Figure 8.1 with qc = p/6 = 30° and maximum degrees of lmax = 4, 6, 8, 10. Also
shown in Figure 8.1 are the corresponding rectified fODFs obtained from Eqs. 8.6 and
8.10. For optimized rectification, the values for e calculated from Eq. 8.9 are 0.02967,
0.01183, 0.02395 and 0.01969 for lmax = 4, 6, 8, 10, respectively. Observe that the
rectified fODFs not only eliminate all negative values, but also reduce the size of the
smaller positive peaks generated by Gibbs ringing. Also notice that the original and
rectified fODFs have identical peak directions. Optimized rectification suppresses the

Figure 8.2 Mean square error (MSE) over all angles for the original, optimized, and step function
fODFs as a function of lmax with 𝜃 =15°, 30°, and 45°. In each case, the optimized fODF (blue lines)
has a smaller MSE than the corresponding original fODF (red lines) and step function fODF (green
lines). In several cases, the step function fODF has a larger MSE than the original fODF showing that
this type of rectification does not necessarily improve accuracy
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small peaks more strongly than does step function rectification.

Figure 8.3 Comparison of original, optimized, and step function fODFs as calculated with constrained
spherical deconvolution (CSD) for 3 different white matter voxels. The fODFs are represented by contour
plots with a contour spacing of 0.1. Positive value contours are shown in black, while negative value
contours are shown in red. All negative fODF values are eliminated after rectification. In addition, the
smaller peaks are either suppressed or removed. In comparison to step function rectification, optimized
rectification has less of an effect on the height of the large peaks while at the same time suppressing the
smaller peaks more strongly. The plots are restricted to the half sphere with 0 ≤ θ ≤ 90° and 0 ≤ φ ≤ 90°
because of antipodal symmetry.
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Figure 8.4 Contour plots of original, optimized, and step function fODFs as calculated with
fiber ball imaging (FBI) for the same 3 white matter voxels as in Figure 8.3. All negative
fODF values are again eliminated after rectification, although the impact of rectification is
more subtle than for CSD since the FBI fODFs tend to have less pronounced negative regions.
Nonetheless, the heights of the larger peaks are noticeably better preserved by optimized
rectification
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The MSEs for the three approximations are given by Figure 8.2 for q c = 15°, 30°,
and 45° and maximum degrees of lmax = 2, 4, 6, 8, 10, and 12. In each case, the optimized
fODF has a smaller MSE than the original fODF, although in some cases the difference is
slight. The step function fODF, in contrast, has a higher MSE than the original fODF in
several cases, as is particularly apparent for q c = 15°. The MSE decreases with
increasing q c since a broader fODF leads to smaller Gibbs ringing artifacts.

Human Data
Contour plots of original, optimized, and step function fODFs for 3 different voxels from
a single subject are given by Figures 8.3 and 8.4. In Figure 8.3, the original fODF was
calculated using CSD, and the optimize fODFs had (from top to bottom) e = 0.0975,
0.1475, and 0.1315. In Figure 8.4, the original fODF was calculated using FBI, and the
optimized fODFs had e = 0.0090, 0.0112, and 0.0091.
The three-dimensional glyphs of these same fODFs are depicted in Figures 8.5
and 8.6. The original fODFs all have significant portions in which they take on
unphysical negative values. These are entirely eliminated by rectification. The main
qualitative difference between optimized and step function rectification is that optimized
rectification alters the heights of the larger peaks less but suppresses the smaller peaks
more strongly. In addition, optimized rectification eliminates some small peaks while
step function rectification does not. These effects are more conspicuous for CSD since
the original CSD fODFs have more pronounced negative regions.
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Figure 8.5 Three-dimensional glyphs of the same fODFs shown in Figures 8.3 and 8.4 with each
row corresponding to a single voxel. The original fODFs have the highest fractional anisotropy
axonal (FAA) while the step function fODFs have the lowest. In each case, the optimized fODF
has an intermediate FAA. The original and step function fODFs always have the same number of
peaks, but the optimized CSD fODFs have fewer peaks. In counting the number of peaks, all
peaks with an amplitude exceeding 0.01 were included; some of these are too small to be clearly
visible. The optimized fODFs are more elongated than the step function fODFs, and the CSD
fODFs are more elongated than the FBI fODFs. All the fODFs are normalized according to Eq.
8.1 but this does not guarantee that their glyphs have the same volume

Figure 8.7 shows the distribution of original and rectified FAA values of all white matter
voxels for the pooled data from all 3 subjects. With CSD, the average FAA is 0.72 ± 0.15
for the original fODF, 0.69 ± 0.16 for the optimized fODF, and 0.59 ± 0.13 for the step
function fODF. With FBI, the average FAA is 0.59 ± 0.14 for the original fODF, 0.57 ±
0.14 for the optimized fODF, and 0.55 ± 0.13 for the step function fODF. The original
CSD fODFs have unphysical FAA values exceeding 1 in 1.25% of their voxels, which is
only possible when the fODF takes on negative values (Moss et al., 2019). fter
rectification, all FAA values are guaranteed to be in the physical range between 0 and 1.
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Figure 8.6 Three-dimensional glyphs of the same FBI fODFs shown in Figure 8.4 with each row
corresponding to a single voxel. As with CSD, the original fODFs have the highest FAA, the
optimized fODFs have intermediate FAA, and the step function fODFs have the lowest FAA. The
FBI fODFs are less elongated than the corresponding CSD fODFs and are also less affected by
rectification

This is true for both optimized and step function rectification. After rectification, all FAA
values are guaranteed to be in the physical range between 0 and 1. This is true for both
optimized and step function rectification
Distributions of the number of peaks identified in the original and rectified fODFs
for the pooled white matter voxels are plotted in Figure 8.8. Step function rectification
has no effect on the number of peaks since all positive regions are simply rescaled
according to Eq. 8.10. Optimized rectification decreases the average number of peaks
from 8.57 ± 1.41 to 7.52 ± 1.87 with CSD and from 8.11 ± 1.63 to 8.10 ± 1.62 with FBI.
Therefore, optimized rectification does not alter the number of FBI peaks for most voxels
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of our dataset. This reflects the fact that the magnitude of the negative fODF values for
FBI tends to be relatively small as exemplified in Figure 8.4

Figure 8.7 Percentage of white matter voxels as a function of FAA for data pooled from 3 subjects. For
both CSD (left panel) and FBI (right panel), the FAA is reduced following rectification with step function
rectification having a bigger effect than optimized rectification. Due to negative values, some of the
original CSD fODFs have FAA exceeding the physical upper limit of 1.0. The FAA bin size for the plot
is 0.05.

Figure 8.8 Percentage of white matter voxels as a function of the number of detected peaks for data pooled
from 3 subjects. For CSD (left panel), optimized rectification reduces the number of peaks substantially.
For FBI (right panel), optimized rectification affects the number of peaks in very few voxels so that the
distribution is only slightly altered. Step function rectification has no effect on the number of peaks. Peaks
with amplitudes less than 0.01 are not counted.
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Discussion
The remarkable capability of dMRI to estimate fODFs is useful both for fiber
tractography and for intra-voxel tissue modeling estimation of microstructural
parameters. Two of the simplest methods of constructing fODFs are CSD and FBI
(Jensen et al., 2016; Moss et al., 2019; Tournier et al., 2007; Tournier et al., 2004).
However, both CSD and FBI are prone to generating fODFs that are negative in some
directions. Here we have proposed a strategy for rectifying such fODFs in order to
eliminate all negative values. This technique is optimal in the sense that the mean square
difference between the original and rectified fODFs is minimized. In addition, the
optimized rectification does not alter the directions of all peaks that are not removed and
is thus unlikely to have significant deleterious effects for fiber tractography.
The numerical implementation of our method requires that a solution of Eq. 8.9
be found for the parameter e , which can be easily achieved using a bisection algorithm.
The rectified fODF is then directly given by Eq. 8.6. Thus adding optimized rectification
as a data processing step should be straightforward regardless of the type of fODF or its
method of calculation, and the computational burden would be minimal.
As illustrations, we have applied optimized rectification both to a mathematical
model in which negative fODF values arise as a consequence of Gibbs ringing and to in
vivo data from healthy volunteers. For the mathematical model, where we have a ground
truth in terms of an exact fODF, we find that optimized rectification of an approximate
fODF, obtained by truncating a spherical harmonic expansion, consistently leads to a
reduction in MSE along with elimination of all negative values. For human data, we have
demonstrated optimized rectification for both CSD and FBI fODFs. Rectification was
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seen to reduce the FAA and the total number of detected peaks with these effects being
more substantial for CSD. However, the major peaks are unchanged in direction, and
their shapes are preserved albeit with a small reduction in amplitude.
There are at least two advantages to applying optimized rectification to fODFs.
First, the reliability of small peaks that it suppresses is dubious, and so optimized
rectification likely results in more accurate fODFs. This was demonstrated explicitly for
the mathematical model. Although we have no ground truth to confirm an improved
accuracy for in vivo data, the small peaks that it suppresses are prone to being altered by
signal noise and imaging artifacts. Thus it is reasonable to suppose that suppression of
such features is often beneficial. Second, some versions of fiber tracking interpret fODFs
as probability density functions which makes negative values problematic. In view of
these two benefits of optimized rectification and of the minimal computational costs in
applying it, we recommend this be considered for any estimated fODF that suffers from
negative values.
As a comparison, we have also considered step function rectification as defined
by Eq. 8.10. This is the most basic rectification method and shares with our proposed
optimized rectification the property of preserving the peak locations. However, step
function rectification does not minimize the mean square difference relative to the
original fODF nor does it eliminate any of the smaller peaks. Since the negative parts of
the original fODF may also encode useful information, as for example with Gibbs ringing
where negative values offset positive values in regions of an approximate fODF that
should ideally be zero or close to zero, minimizing the mean square difference can result
in more accurate rectification than the step function approach that essentially neglects the
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negative values. We have demonstrated this explicitly for the mathematical model. In
particular, the results of Figure 8.2 show that step function rectification often reduces the
accuracy of the fODF while optimized rectification improves it. For the in vivo human
data, we find that optimized rectification alters the heights of the large peaks less than
step function rectification at the same time that it more strongly suppresses small peaks.
Both methods reduce the FAA, with the step function rectification actually having a
bigger effect, illustrating how rectification can substantially impact an important fODF
property.
Although the purpose of this paper is not to compare CSD and FBI fODFs, it is
worth noting that these two techniques generate remarkably similar fODFs in spite of
being based on rather disparate mathematical algorithms. In particular, they consistently
identify major peaks with nearly the same directions. However, the CSD fODFs tend to
be sharper, as reflected in their larger FAA values, and also to have more extensive
regions with negative values. In addition, the two fODFs do differ significantly in their
fine structure suggesting that some of this may be artifactual in origin. Further studies
that explore the similarities and differences between CSD and FBI fODFs would be of
interest. An alternative fODF estimation method that does not generate negative values is
Richardson‐Lucy spherical deconvolution (Dell'Acqua et al., 2007). Although this
approach obviates the need for rectification, it is, by the same token, more
computationally demanding than either CSD or FBI (Parker et al., 2013). A comparison
of fODFs obtained with Richardson-Lucy spherical deconvolution with rectified CSD
and FBI fODFs would also be valuable.
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We have shown how to rectify fODFs in order to eliminate unphysical negative
values while minimizing the mean square difference between the rectified and original
forms. The method is simple to implement and thus provides a practical method for
generating more physically plausible fODFs. It may be useful in conjunction with both
CSD and FBI, as well as other related approaches for estimating fODFs.

Appendix
To see why the optimal rectified fODF is given by Eq. 8.6, let us suppose there is
an alternative rectified fODF given by
Fˆ ¢ ( n ) = Fˆ ( n ) + g ( n )

.

(8.19)

In order for F̂ ¢ to obey Eqs. 8.2-8.4, the function g must satisfy
g ( n ) ³ - Fˆ ( n ) ,

(8.20)

g ( -n ) = g ( n ) ,

(8.21)

ò d W g (n) = 0.

(8.22)

and
n

The cost function of Eq. 8.5 for F̂ ¢ can be written as
2

2

C ¢ º ò d Wn éë Fˆ ¢ ( n ) - F ( n )ùû = ò d Wn éë Fˆ ( n ) - F ( n ) + g ( n )ùû .

(8.23)

This can be rearranged into

C ¢ = C0 + 2ò d Wn g ( n ) éë Fˆ ( n ) - F ( n ) ùû + ò d Wn g 2 ( n )
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,

(8.24)

where C0 is the cost function for g = 0 . If we apply Eq. 8.6, then Eq. 8.24 takes the form
C¢ = C0 + ò d Wn g ( n ) éë F ( n ) - e - F ( n ) - e ùû + ò d Wn g 2 ( n ) .

(8.25)

As a consequence of Eq. 8.22, this also implies
C¢ = C0 + ò d Wn g ( n ) éë F ( n ) - e - F ( n ) + e ùû + ò d Wn g 2 ( n ) .

(8.26)

From Eq. 8.20, we further have
C¢ ³ C0 - ò d Wn Fˆ ( n ) éë F ( n ) - e - F ( n ) + e ùû + ò d Wn g 2 ( n ) .

(8.27)

By using Eq. 8.6 once again, Eq. 8.27 leads to

C ¢ ³ C0 -

1
d Wn éë F ( n ) - e + F ( n ) - e ùû × éë F ( n ) - e - F ( n ) + e ùû + ò d Wn g 2 ( n ) , (8.28)
ò
2

which is easily rewritten as

C ¢ ³ C0 -

1
é F (n ) - e 2 - F (n ) - e 2 ù + d W g 2 (n ) .
d
W
n
ë
û ò n
2ò

(8.29)

Since the middle term on the right side of Eq. 8.29 vanishes, we finally obtain
C¢ ³ C0 + ò d Wn g 2 ( n ) .

(8.30)

Therefore, the cost function for F̂ ¢ has a minimum when g = 0 implying that the
rectified fODF defined by Eq. 8.6 is indeed optimal provided a value for e can be found
to satisfy Eq. 8.8.
To show that Eq. 8.9 always has a unique solution, let us define
U (e ) º ò d Wn éë F ( n ) - e - F ( n ) - e ùû .

(8.31)

Then Eq. 8.9 is equivalent to

U (e ) = 0 .
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(8.32)

If e < 0 , we have
U ( e ) = ò d Wn éë F ( n ) - e - F ( n ) + e - 2e ùû

{

}

= -8pe + ò d Wn F ( n ) - e - éë F ( n ) - e ùû
> 0.

(8.33)

While if e ³ Fmax , we have
U ( e ) = ò d Wn éëe - F ( n ) - F ( n ) - e ùû
= -2ò d Wn F ( n )

(8.34)

= -2.

Since U (e ) is continuous, there must then be at least one solution to Eq. 8.32 between

e = 0 and e = Fmax . This solution is unique because U (e ) is monotonically decreasing in
this range as is evident from

d
U (e ) = -ò d Wn 1 + H éë F ( n ) - e ùû - H éëe - F ( n )ùû < 0
de

{

}

(8.35)

which follows by differentiating Eq. 8.31. In Eq. 8.35, H ( x) represents the Heaviside
step function.
For directions with

F ( n ) > e , Eq. 8.6 implies
F̂ ( n ) = F ( n ) - e

(8.36)

Thus any peak of F with a magnitude exceeding e will also be a peak of F̂ . However,
any peak of F with a magnitude less than or equal to e will be set to zero by Eq. 8.6 and
therefore absent from F̂ . In this sense, e corresponds to an effective peak threshold.
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Ramanna, S., Moss, H. G., McKinnon, E. T., Yacoub, E., Helpern, J. A., & Jensen, J. H.
(2020). Triple diffusion encoding MRI predicts intra-axonal and extra-axonal diffusion
tensors in white matter. Magnetic resonance in medicine, 83(6), 2209–2220.

Introduction
The most familiar diffusion MRI (dMRI) parameters, such as the mean diffusivity
(MD) and fractional anisotropy (FA), often include contributions from multiple
microenvironments within a tissue (Novikov et al., 2019; Novikov and Kiselev, 2010;
Yablonskiy and Sukstanskii, 2010). For example, in white matter (WM), the MD and FA
reflect water mobility of both the intra-axonal and extra-axonal compartments. The
biophysical interpretation of changes associated with disease or aging of such
amalgamated dMRI parameters can be challenging, since it is often unclear which tissue
compartments are most affected.
In order to help alleviate this source of ambiguity, a variety of microstructural
models have been proposed, particularly for brain tissue, in which the free parameters
correspond to compartment-specific diffusion properties of interest (Assaf et al., 2004;
Fieremans et al., 2011; Jelescu and Budde, 2017; Jespersen et al., 2007; Kaden et al.,
2016; McKinnon et al., 2018; Novikov et al., 2018b; Stanisz et al., 1997; Veraart et al.,
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2018b; Wang et al., 2011; Zhang et al., 2012). The parameters are estimated by fitting
dMRI data, often using nonlinear optimization methods. In WM, one such parameter, the
intrinsic intra-axonal diffusivity ( Da ), has proven especially challenging to measure
(Jelescu et al., 2016; Kunz et al., 2018; Novikov et al., 2018b). This is because Da
estimates are sensitive to modeling assumptions and tend to be only loosely constrained
by the data, although some recently proposed approaches seem to be more promising
(Kaden et al., 2016; McKinnon et al., 2018; Novikov et al., 2018b; Veraart et al., 2018b).
Tissue modeling of this sort has typically employed data acquired with single
diffusion encoding (SDE), in which only one diffusion-sensitizing gradient direction is
used for each spin excitation, as this is the simplest and most widely available type of
dMRI sequence. However, by supplementing SDE data with triple diffusion encoding
(TDE) data, it is possible to estimate Da and the axonal water fraction ( f ) in a
remarkably direct manner that involves only mild assumptions and avoids complex fitting
procedures (Jensen and Helpern, 2018). An essential feature of the TDE sequence is that
it hashas an axially symmetric b-matrix with nonzero eigenvalues, which is not possible
to achieve with either SDE or double diffusion encoding (DDE). Prior work has
illustrated this method with numerical simulations (Jensen and Helpern, 2018). The major
purpose of this paper is to demonstrate its application for in vivo data from adult human
brain.
Given values for Da and f , one can then use fiber ball imaging (FBI) (Jensen et
al., 2016; Moss et al., 2019) and diffusional kurtosis imaging (DKI) (Jensen and Helpern,
2010; Jensen et al., 2005), which are both SDE techniques, to further estimate the
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individual diffusion tensors for the intra-axonal ( D a ) and extra-axonal ( De ) spaces. In
this way, TDE MRI may be combined with more conventional methods to provide a
fairly comprehensive description of diffusion for both the intra-axonal and extra-axonal
water pools. In particular, the two individual diffusion tensors allow for a variety of
compartment-specific diffusion properties to be determined, such as the fractional
anisotropy for the intra-axonal space (FAA) and the mean diffusivity for the extra-axonal
space ( De ).
Four key assumptions underlie this approach: 1) water exchange between the
intra-axonal and extra-axonal water pools can be neglected over time scales comparable
to the diffusion time of the dMRI pulse sequence, which is typically tens of milliseconds;
2) the dMRI signal from water within myelin can be neglected; 3) axons can be idealized
as thin, straight cylinders; and 4) the applied diffusion weighting is sufficiently strong to
largely suppress the dMRI signal from extra-axonal water relative to the intra-axonal
dMRI signal. Assumption 1 is justified by the long water exchange times of about 1 s
measured in WM (Nilsson et al., 2013a). Assumption 2 is valid provided the T2 of
myelin water, which is about 10 to 20 ms (MacKay and Laule, 2016), is short in
comparison to the echo time for the sequence, as is usually true for dMRI sequences
implemented on clinical MRI systems. Assumption 3 is strongly supported by recent
work on the scaling of the dMRI signal for b-values greater than about 4000 s/mm2
(McKinnon et al., 2017; Moss et al., 2019; Veraart et al., 2019). There is also substantial
evidence that Assumption 4 holds to a reasonable approximation, at least in healthy
adults, for b-values greater than 4000 s/mm2 (Moss et al., 2019). Importantly, it is not
necessary to assume a specific model for diffusion in the extra-axonal space (e.g.,
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Gaussian diffusion). This is a crucial distinction between the TDE method described here
and several SDE methods (Assaf et al., 2004; Fieremans et al., 2011; Jespersen et al.,
2007; Kaden et al., 2016; McKinnon et al., 2018; Novikov et al., 2018b; Stanisz et al.,
1997; Veraart et al., 2018b) for separately quantifying intra-axonal and extra-axonal
diffusion properties.
In this first experimental demonstration, we focus on the details of the TDE pulse
sequence and present preliminary data for three healthy adult subjects. We also compare
and contrast our results to those of a closely related alternative approach for estimating
estimate Da that combines data obtained using a TDE pulse sequence and a DDE pulse
sequence (Dhital et al., 2019).

Methods
TDE pulse sequence
A TDE pulse sequence has, in general, diffusion weighting along three distinct
directions for each spin excitation. In this work, these directions are all taken to be
orthogonal. One of these directions has the largest diffusion weighting and will be
referred to as the axial direction. The b-value associated with the axial direction is
indicated by b|| . The other two directions, with smaller diffusion weightings, will be called
the radial directions. The b-values for the two radial directions, denoted by b^ , are
assumed to be equal.
A pulse sequence diagram for the TDE sequence is shown in Figure 10.1 with the
axial gradients oriented in the x-direction and with the radial gradients oriented in the y159

and z-directions. This sequence is similar to the one proposed in our previous work
(Jensen and Helpern, 2018), but differs here in two respects. First, one set of radial
gradients is placed after the axial gradients, and one set of radial gradients is placed
before. In our previous work, both sets of radial gradients were played out prior to the
axial gradients. This change allows us to reduce the minimum TE for the sequence
substantially and thereby improve the SNR. The other difference is to incorporate finite
rise times. The TDE pulse sequence code was developed by adding radial gradients to a
single-shot EPI SDE pulse sequence (provided by Siemens Healthineers, Erlangen,
Germany).
In terms of the sequence parameters, the axial b-value is given by (Basser et al.,
1994a; Price and Kuchel, 1991)
2
é 2æ
1 ö 1 2
1 ù
b|| = g g êd|| ç D|| - d|| ÷ - e || d|| + e ||3 ú
3 ø 6
30 úû ,
êë è
2

2
||

(9.1)

where g is the proton gyromagnetic ratio, g|| is the axial gradient amplitude, D|| is the
axial diffusion time, d || is the axial pulse duration, and e || is the axial rise time. For

e || = 0 , Eq. 9.1 reduces to the well-known b-value formula for the Stejskal-Tanner
sequence (Stejskal and Tanner, 1965). Similarly, the radial b-value is given by

2
é æ
1 ö 1
1 ù
b^ = g 2 g^2 êd ^2 ç D ^ - d ^ ÷ - e ^2d ^ + e ^3 ú ,
3 ø 6
30 ûú
ëê è

where g ^ is the radial gradient amplitude, D ^ is the radial diffusion time,
radial pulse duration, and e ^ is the radial rise time.
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(9.2)

d ^ is the

If we ignore the contributions from the imaging gradients, the b-matrix for our TDE
sequence is simply

æ b|| 0 0 ö
ç
÷
b = ç 0 b^ 0 ÷
ç0 0 b ÷
^ø
è

(9.3)

for the orientation of the gradients depicted in Figure 9.1. It is crucial for our method that
this be axially symmetric. In general, the principal eigenvector of the b-matrix will be
defined as the diffusion encoding direction for the sequence.
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Imaging
Three healthy adult volunteers (ages 28 to 31 yr) were scanned on a 3 T Prismafit
MRI system (Siemens Healthineers, Erlangen, Germany) equipped with 80 mT/m
gradients, a slew rate of 200 T/m/s and VE11c software. Data were obtained using a 32channel head coil under a protocol approved by the institutional review board of the
Medical University of South Carolina.
For each subject, single-shot full Fourier TDE data were acquired with the
following imaging parameters: TE = 122 ms, TR = 3900 ms, FOV = 222 × 222 mm2,
acquisition matrix = 74 × 74, slice thickness = 3 mm, number of slices = 42, phase
encoding acceleration factor (GRAPPA) = 2, slice acceleration factor = 2, coil combine
mode = adaptive combine, bandwidth = 1536 Hx/px, and number of diffusion encoding
directions = 64. The gradient pulse timing parameters were D|| = 37.04 ms, d || = 18.55
ms, e || = 1.52 ms, D ^ = 12.0 ms,

d ^ = 9.48 ms, and e ^ = 1.52 ms.

The main TDE acquisition had axial and radial b-values of b|| = 4000 s/mm2 and

b^ = 307 s/mm2. This corresponds to g|| » g ^ » 73 mT/m. The choice of these b-values
was informed by considerations discussed in our previous work (Jensen and Helpern,
2018). An additional 10 images were acquired with both the axial and radial b-values set
to zero (b0 images). The total acquisition time was 5 min 8 s. We then repeated this main
acquisition except with the radial gradients switched off so that b^ = 0 s/mm2, which
corresponds to conventional SDE with a b-value of 4000 s/mm2. In nulling the radial
gradients, a dead time was incorporated into the sequence so that the timing of the other
gradients and the TE were unchanged. This secondary acquisition also included 10 b0
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images and had the identical acquisition time of 5 min 8 s. Because of cross-terms
between the diffusion and imaging gradients, the exact b-values, as determined from the
b-matrices, differed slightly from the nominal values cited above and varied with
diffusion encoding direction. Specifically, the axial b-values varied between 3988 and
4012 s/mm2 with a standard deviation of 7 s/mm2, and the radial b-values varied between
306 and 307 s/mm2 with a standard deviation of 0.3 s/mm2. These small variations were
neglected in our data analysis.
In order to estimate the total diffusion and kurtosis tensors, the same pulse
sequence was used to obtain data with b|| = 1000 and 2000 s/mm2 for b^ = 0 s/mm2,
which corresponds to low b-value SDE. A dead time in place of the radial gradients was
again used to keep all of the other imaging parameters unchanged. Another set of 10 b0
images were obtained in this scan, and the total acquisition time was 9 min and 15 s.
For anatomical reference, MPRAGE data were obtained from each subject with
the following imaging parameters: TE = 2.26 ms, TR = 2300 ms, TI = 900 ms, flip angle
= 8°, FOV = 256 × 256 mm2, acquisition matrix = 256 × 256, slice thickness = 1 mm,
number of slices = 192, and phase encoding acceleration factor (GRAPPA) = 2. The
acquisition time was 5 min and 21 s.
As a simple test of our TDE pulse sequence, we also acquired data for a spherical
water bottle phantom using the same imaging parameters as for the human scans except
with TR set to 10 s and the gradient pulse timings adjusted to generate smaller b-values.
A longer TR was chosen since free water has a much larger T1 than brain, and smaller bvalues were used since the diffusivity of free water is much higher than for water in
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brain. Three sets of b-values were tested: ( b|| = 640 s/mm2, b^ = 0 s/mm2), ( b|| = 198
s/mm2, b^ = 197 s/mm2), and ( b|| = 49 s/mm2, b^ = 302 s/mm2).

Data Analysis
For each subject, all diffusion weighted images were denoised using a
Marchenko-Pastur principal components analysis approach (Veraart et al., 2016). These
denoised images were then co-registered with standard techniques, including correction
of image distortion due to eddy currents (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/eddy)
(Andersson and Sotiropoulos, 2016; Jenkinson et al., 2002). We also applied Gibbs
ringing (Kellner et al., 2016) and Rician noise bias (Gudbjartsson and Patz, 1995)
corrections.
A diffusional kurtosis imaging (DKI) analysis was applied to the dMRI data
obtained with b|| = 1000 and 2000 s/mm2 in order to find the total diffusion and kurtosis
tensors in each voxel (Jensen and Helpern, 2010; Jensen et al., 2005; Tabesh et al., 2011).
From these two tensors, several standard diffusion parameters were determined, including
MD, FA, and mean kurtosis (MK). WM was defined as all voxels of the cerebrum with
MD < 1.5 µm2/ms and MK > 1 (Yang et al., 2013).
The dMRI signal for the two acquisitions with b|| = 4000 s/mm2 were individually
averaged in each voxel over the 64 diffusion encoding directions. The intra-axonal
diffusivity in WM was then calculated from (Jensen and Helpern, 2018)

Da =

1 æ S1
ln ç
b^ çè S2

ö
÷
b|| - b^ ÷ø
b||
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(9.4)

where S1 is the direction-averaged signal when b^ = 0 s/mm2 and S 2 is the directionaveraged signal when b^ = 307 s/mm2. We also calculated the axonal water fraction in
each voxel from (Jensen and Helpern, 2018)
f =2

Da b|| S1
×
p S0

(9.5)

where S0 is the average signal for the b0 images. The validity of Eqs. 9.4 and 9.5
requires that b|| be about 4000 s/mm2 or greater and that b^ << b|| . The different ordering of
the radial and axial gradient pulses used here, in comparison to our previous work
(Jensen and Helpern, 2018), does not affect the accuracy of these two equations.
The fiber orientation density function (fODF) for each WM voxel was estimated
from the dMRI data with b|| = 4000 s/mm2 and b^ = 0 s/mm2 by applying the FBI method
(Jensen et al., 2016; Moss et al., 2019). Specifically, the spherical harmonic expansion
coefficients, a2ml , of the dMRI data were used to estimate the spherical harmonic
m
expansion coefficients, c2 l , of the fODF from the formula

bD
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× || a ,
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p
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(9.6)

where P2l ( x) is the Legendre polynomial of degree 2l, and
l+
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(9.7)

with 1 F1 (a; b; z ) indicating the confluent hypergeometric function of the first kind and

G( x) indicating the gamma function. Only spherical harmonic coefficients of even
degree were needed because of the antipodal symmetry of the dMRI signal (Grebenkov et
al., 2007). The diffusion tensor for the intra-axonal space, D a , was then obtained from
(McKinnon et al., 2018)
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(9.8)
This diffusion tensor is for the entire intra-axonal compartment taken as a whole rather
than for just an individual axonal fiber.
The total diffusion tensor, D , is related to the intra-axonal diffusion tensor and
the extra-axonal diffusion tensor, De , by the formula

D = f Da + (1 - f ) De

.

(9.9)

The validity of Eq. 9.9 only requires that the intra-axonal and extra-axonal spaces are
distinct compartments having negligible water exchange on time scales comparable to the
diffusion time and that the contribution of myelin water to the dMRI signal can be
ignored. Importantly, it holds even if diffusion in the extra-axonal space is non-Gaussian.
To find the extra-axonal diffusion tensor, we rearranged Eq. 9.9 into the form

De =

D - f Da
.
1- f
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(9.10)

This allowed us to determine De , since the total diffusion tensor was found with DKI, the
intra-axonal diffusion tensor was obtained from Eq. 9.8, and the axonal water fraction
was calculated from Eq. 9.5.
From the eigenvalues of D a and De , several compartment-specific diffusion
properties were obtained using standard expressions. In particular, the mean diffusivity of
the extra-axonal space is given by

De =

1
( le,1 + le,2 + le,3 ),
3

(9.11)

the fractional anisotropy of the intra-axonal space is given by,

FAA =

(la ,1 - la ,2 ) 2 + (la ,1 - la ,3 ) 2 + (la ,2 - la ,3 ) 2
2(la2,1 + la2,2 + la2,3 )

,

(9.12)

and the fractional anisotropy of the extra-axonal space is given by,

FAE =

(le,1 - le,2 ) 2 + (le,1 - le,3 ) 2 + (le,2 - le,3 ) 2
2(le2,1 + le2,2 + le2,3 )

(9.13)

( la ,1 ≥ la ,2 ≥ la ,3 ) are the eigenvalues of D a and ( le ,1 ≥ le ,2 ≥ le ,3 ) are the

where

eigenvalues of De (Basser and Pierpaoli, 1996; Westin et al., 2002).
For the water bottle phantom data, the same preprocessing steps as for the human
data were employed except that the co-registration step was skipped. Then a standard
diffusion tensor imaging analysis (Basser and Pierpaoli, 1996; Westin et al., 2002) was
performed to obtain the MD and FA in which the total b-value was taken as b º b|| + 2b^ .
Results
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Parametric maps of MD and FA for the water bottle phantom are shown in Figure
9.2 for a single slice through the middle of the bottle. Similar maps are obtained with all
three sets of b-values. For b|| = 640 s/mm2 and b^ = 0 s/mm2, we find MD = 2.11 ± 0.03
µm2/ms and FA = 0.015 ± 0.017; for b|| = 198 s/mm2 and b^ = 199 s/mm2, we find MD
= 2.13 ± 0.05 µm2/ms and FA = 0.018 ± 0.023; for b|| = 49 s/mm2 and b^ = 302 s/mm2,
we find MD = 2.12 ± 0.05 µm2/ms and FA = 0.009 ± 0.012. All the MD estimates are
comparable to literature values for the room temperature diffusivity of free water (Holz,
2000). In each case, the FA is close to zero as expected for an isotropic phantom. These
results provide a basic check for the accuracy of the data generated by our TDE pulse
sequence.

Figure
9.2 Mean
diffusivity
(MD) and fractional
anisotropy
(FA) anisotropy
maps a spherical
bottle
Figure
10.2
Mean diffusivity
(MD) and
fractional
(FA)water
maps
a phantom
as determined
with
the
TDE
pulse
sequence.
Three
different
combinations
of
axial
and
radial
spherical water bottle phantom as determined with the TDE pulse gradients
were tested, and all the maps are for the same imaging slice. The MD maps are similar in all cases, while
sequence. Three different combinations of axial and radial gradients were
the FA values are close to zero as expected for an isotropic phantom. The calibration bar for the MD is in
tested,
andandallthethe
maps are
theFA
same
imaging slice. The MD maps are
units of
µm2/ms,
calibration
bar for
for the
is unitless.

similar in all cases, while the FA values are close to zero as expected for an
isotropic phantom. The calibration bar for the MD is in units of µm2/ms,
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Using the TDE pulse sequence, diffusion-weighted images were obtained with
reasonably good SNR throughout the WM. The average SNR for the S0 , S1 , and S 2 in
WM were 113 ± 4, 20 ± 1, and 10 ± 1, respectively, where the uncertainties are intersubject standard deviations. In calculating the SNR, we employed noise maps generated
by the denoising algorithm. Examples of S0 , S1 , and S 2 images from one subject are
shown in Figure 9.3.
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Parametric maps of Da , De , and f for the same subject and anatomical slices are given
by Figure 9.4. The WM has been colored to emphasize that our method for calculating
these parameters is only valid in this region. Average WM values of all three parameters
for all three subjects are listed in Table 9.1. As a reference, the MD is also listed.
Combining the data from all three subjects gives Da = 2.24 ± 0.18 µm2/ms, De = 1.09 ±
0.19 µm2/ms, and f = 0.60 ± 0.11.
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In Figure 9.5, Da , De , and f are plotted as functions of FA. Both Da and De
vary weakly with FA, but f grows by almost a factor of two as FA increases from 0.1 to
0.8. This suggests that axons are substantially more tightly packed in high FA regions
than in low FA regions.
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Figure 9.6 gives parametric maps of FA, FAA, and FAE for the same subject and
slices as in Figures 9.3 and 9.4. For FAA and FAE, the WM is again colored to indicate
the region of validity for these parameters. The FA map, however, is not colored as this
parameter is meaningful throughout the brain. In most WM voxels, the FAA exceeds the
FAE, showing that diffusion anisotropy of water inside axons is usually higher than for
extra-axonal water. Table 9.2 lists the WM average values of FA, FAA, and FAE for all
three subjects. Combining the data from the three subjects gives FAA = 0.50 ± 0.14 and
FAE = 0.23 ± 0.13. The dependencies of FAA and FAE on FA are depicted in Figure 9.7
showing that both of these compartment specific parameters are monotonically increasing
functions of FA.

Figure 9. 6 Parametric maps of FA, fractional anisotropy axonal (FAA) and fractional anisotropy
extra-axonal (FAE) for the same subject and slices as in Figures 2 and 3. The FA is meaningful in all
tissues, but the FAA and FAE estimates are only valid in WM regions (shown in color)
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TABLE 9.1

TABLE 9.2
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Since one of the key assumptions underlying our TDE method is that the diffusion
weighting is sufficiently strong to suppress the dMRI signal from extra-axonal water, it is
of interest to consider the quantity
C = exp ( -b||le,3 - DR2TE )

(9.14)

where le ,3 is the smallest eigenvalue for the extra-axonal diffusion tensor and DR2 is the
difference between the extra-axonal and intra-axonal transverse relaxation rates. This
gives a rough estimate of the relative suppression factor with respect to the intra-axonal
dMRI signal, because the direction-averaged intra-axonal signal will generally have a
component, corresponding to axons aligned perpendicular to the axial gradients, that is
minimally affected by the diffusion weighting. Typical values for the extra-axonal and
intra-axonal transverse relaxation times are 60 ms and 80 ms (McKinnon and Jensen,
2019), respectively, which leads to DR2TE = 0.51 for our experiment. From the measured

Figure 9.7 The average over all white matter voxels of FAA and FAE as functions of FA for all three
subjects. Both FAA and FAE increase monotonically with FA. In most cases, FAA > FA > FAE, which
suggests that diffusion of water inside axons is more anisotropic than the diffusion of water within the
extra-axonal space. The diagonal lines through the origin have a slope of one. The bin size is 0.1, and
the error bars indicate intra-subject standard deviations. The data points for Subjects 2 and 3 have been
displaced slightly in the horizontal direction to improve readability
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values of le ,3 , we then find that C £ 0.1 in 96.7%, 95.2%, and 96.7% of WM voxels for
Subjects 1, 2, and 3. In the small fraction of the WM voxels in which the suppression
factor exceeds 0.1, the accuracy of our method may be reduced.
Formulae giving the expected standard deviation and bias due to noise for Da and

f as estimated from Eqs. 9.4 and 9.5 are provided in Jensen and Helpern (2018) (Eqs.
9.15, 9.16, 9.18, 9.19). For our experiment, we have Da » 2.24 µm2/ms, f » 0.6, b|| =
4000 s/mm2, b^ = 307 s/mm2, SNR (for b0 images) » 113, number of diffusion encoding
directions = 64, and number of b0 images = 20. The formulae of Jensen and Helpern
(2018) then yield d Da » 0.04 µm2/ms, DDa » 0.0002 µm2/ms, d f » 0.008, and D f »
0.0001, where d Da is the standard deviation for Da , DDa is the bias for Da , d f is the
standard deviation for f , and D f is the bias for f . These are likely overestimates as
they do not incorporate the beneficial effects of Marchenko-Pastur denoising. Therefore,
the impact of signal noise on our results for these two parameters should be minor.

Discussion
The main purpose of this study is to present an experimental demonstration of a
previously proposed method for estimating both the intra-axonal and extra-axonal
diffusion tensors in WM. This method requires that dMRI data be obtained with a TDE
pulse sequence that has an axially symmetric b-matrix (Jensen and Helpern, 2018). The
TDE sequence was implemented through modification of a standard SDE sequence by
adding a pair of radial diffusion-sensitizing gradients that are mutually orthogonal as well
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as orthogonal to the original SDE gradients, which are then regarded as the axial
gradients. The b-value for the axial gradients is assumed to be much larger than for the
two sets of radial gradients. A notable feature of the sequence is that one set of radial
gradient pulses precedes the axial gradient pulses while the other follows it. With this
arrangement, we were able to attain a TE of 122 ms and adequate SNR for obtaining
images with 3 mm isotropic voxels.
The method requires the axial b-value, b|| , to be sufficiently strong to suppress the
dMRI signal from the extra-axonal water pool. Specifically, previous studies indicate the
condition b|| ³ 4000 s/mm2 should be satisfied (McKinnon et al., 2017; Moss et al.,
2019). For this reason, we choose b|| = 4000 s/mm2 in our experiments as this was
considered to be the smallest feasible axial diffusion weighting. The estimated
suppression factor of Eq. 9.14 confirms that this is indeed a sufficiently high axial bvalue for more than 95% of WM voxels. It should be emphasized, however, that this
criterion for b|| has only been established for healthy adults. In the presence of pathology,
it may not be adequate, likely leading to overestimates for the axonal water fraction along
with biases in other parameters. Acute stroke is one example for which diffusion
properties are altered markedly and our method might therefore not apply.
The radial b-value, b^ , should be much less than b|| , but a too small b^ would
result in low precision parameter estimates. For a fixed TE, the optimal value for the
radial b-value is about b^ » 1.1/Da (Jensen and Helpern, 2018). For our measured average
of Da = 2.24 ± 0.18 µm2/ms, this gives b^ = 491 ± 39 s/mm2. Experimentally, we found
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the best precision was obtained for b^ » 300 s/mm2 when the minimum possible TE was
used (data not shown), which determined our choice for this parameter.
The TDE data must be acquired in a sufficiently large number of diffusion
encoding directions to allow for an accurate estimate of the direction-averaged dMRI
signal. Here we used 64 diffusion encoding directions, which was motivated by results
obtained for the closely related FBI imaging technique (Moss et al., 2019). The diffusion
encoding direction is defined, for our TDE sequence, as being aligned with the axial
gradients. While the radial gradients must be orthogonal to the axial gradients and to each
other, their orientations are otherwise not constrained. In particular, the results of our
method should not change substantially if the radial gradients were all rotated by an
arbitrary angle about the diffusion encoding direction, provided the assumptions upon
which our method relies are all justified. This is a consequence of the b-matrix being
axially symmetric and is reflected in Eq. 9.4 by the dependence on the diffusion
weighting entering only through b|| and b^ .
The direction-averaged TDE data (i.e., S 2 ) are utilized in Eq. 9.4, along with
direction-averaged data acquired with identical imaging parameters other than b^ being
set to zero (i.e., S1 ), to estimate the intra-axonal diffusivity. An advantage of our method,
in contrast to alternative SDE techniques(Assaf et al., 2004; Fieremans et al., 2011;
Jespersen et al., 2007; Kaden et al., 2016; McKinnon et al., 2018; Novikov et al., 2018b;
Veraart et al., 2018b), is the simplicity with which the intra-axonal diffusivity is obtained.
In fact, with the TDE approach, Da is the easiest parameter to determine rather than, as
other studies have found, one of the most difficult (Jelescu et al., 2016; Kunz et al.,
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2018). Once Da is known, then the axonal water fraction, f , can be readily calculated
from Eq. 9.5, which also requires data for the average b0 signal (i.e., S0 ).
To find the intra-axonal diffusion tensor, D a , we use the fact that a standard FBI
analysis of the same multi-direction data obtained using the TDE sequence with b^ = 0
is sufficient to estimate Da / Da (McKinnon et al., 2018). Since Da is known, the full D a
follows immediately. Finally, provided Eq. 9.9 holds, the extra-axonal diffusion tensor,

De , can be calculated from f , D a , and the total diffusion tensor. The validity of Eq. 9.9
is quite broad, requiring only that water exchange between the intra-axonal and extraaxonal compartments is negligible and that myelin water can be ignored. Here the total
diffusion tensor was obtained by using DKI with low b-value SDE data.
To illustrate this TDE-based approach for determining the intra-axonal and extraaxonal diffusion tensors, we applied it to estimate several compartment-specific
parameters for three healthy adult subjects. We found that Da and De did not vary
strongly with diffusion anisotropy, but that f , FAA, and FAE all had substantial regional
variations and increased monotonically with FA. These results suggest that axonal fiber
bundles are more tightly packed in high FA regions than in low FA regions.
There is a close relationship between the TDE method considered here and one
proposed by Dhital and coworkers (2019). Both are based on similar physical principles,
but with important technical differences. First, the Dhital method uses TDE data with

b^ > b|| instead of with b^ < b|| . Also, rather than combining TDE data with SDE data,
Dhital and coworkers combine TDE data with DDE data. This may be why their TE (140
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ms) and voxel size (4 mm isotropic) were somewhat larger than for our experiment. The
analysis procedure for the Dhital method is also more complicated than for ours (which is
in part due to the different choices of axial and radial b-values), and it was implemented
only in “single bundle” WM voxels (i.e., voxels with a single predominant fiber
orientation). Nonetheless, the value for Da of 2.25 ± 0.03 µm2/ms obtained by Dhital and
coworkers is indeed similar to our estimate for the intra-axonal diffusivity. The standard
deviation for our value is considerably larger, but this could be a consequence of our
result representing all WM voxels rather than just single bundle WM.
Our TDE method also has connections to the fiber ball white matter (FBWM)
technique (McKinnon et al., 2018). In particular, FBWM employs versions of Eqs. 9.59.10 in a similar manner. However, FBWM uses only SDE data, which means that Da
cannot be found from Eq. 9.4. Instead, FBWM numerically fits a specific model for water
diffusion in WM to SDE data over a range of b-values to determine the axonal water
fraction, which together with Eq. 9.5 implies a value for Da . In contrast to the TDE
approach, which allows for unspecified non-Gaussian water diffusion in the extra-axonal
space, FBWM treats extra-axonal diffusion as Gaussian. Thus, an advantage to acquiring
TDE data is that the number of modeling assumptions can then be reduced. It would be of
interest to directly compare TDE and FBWM predictions for compartment-specific
diffusion properties, which could help to assess to the accuracy of FBWM.
One limitation of this study is that we did not include a correction for the different
transverse relaxation rates of the intra-axonal and extra-axonal water pools. As a
consequence, our estimate for the axonal water fraction has some T2 weighting. The
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estimates of the compartmental diffusion tensors should, however, be largely unaffected
by this. For most WM voxels, the T2 of extra-axonal water is believed to be shorter than
for intra-axonal water (Does, 2018; McKinnon and Jensen, 2019; Veraart et al., 2018b).
Therefore, we expect our f values to be overestimates. Our average value of f = 0.60 ±
0.11 may be compared to histologic data obtained by Stikov and coworkers (2015), who
measured the axonal volume fraction (AVF) and the myelin volume fraction (MVF) of
the corpus callosum in macaque. Using the relationship

f=

AVF
1 - MVF ,

(9.15)

where the denominator reflects the fact that the myelin water signal is negligible for our
experiment, the data of Stikov and coworkers then yield f = 0.52 ± 0.08, which is
indeed somewhat below our TDE estimate. To determine a T2 correction for f , one
could acquire additional multi-direction SDE data with a second TE and apply the
method of McKinnon and Jensen (2019).
Although the assumptions upon which the TDE method are based have good
empirical support, it should be emphasized that they are nonetheless approximations and
that their accuracy will depend on the choice of imaging parameters. For example,
deviations from the predications of the thin, straight axon approximation may be apparent
at very high b-values (>7000 s/mm2) (Veraart et al., 2018a), which could reflect axon
curvature or finite radius effects. Another open question is whether the intra-axonal water
pool, as quantified here, corresponds to water in all axons or just in myelinated axons. It
is plausible that the water exchange time for unmyelinated axons is substantially shorter
than for myelinated axons to an extent that water within unmyelinated axons is in rapid
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exchange with extra-axonal water and thus effectively merged with this compartment as
far as diffusion properties are concerned. While the observed scaling behavior of the
direction-averaged dMRI signal with b-value (McKinnon et al., 2017; Moss et al., 2019;
Veraart et al., 2019), does strongly support our basic picture of it being dominated by
contributions from intra-axonal water for the large axial b-value used in our experiments,
possible contributions from other WM components, such as glial cells, also cannot be
definitively excluded and further investigations exploring the direction-averaged dMRI
signal’s specificity to intra-axonal water would be of value. Finally, an important caveat
is that prior work supporting the required assumptions for the TDE method has mainly
been performed in healthy adult human brain at a field level of 3 T. Their validity for
young children, neuropathologies, animal models, fixed tissue, and other field levels is
not well known and should be examined in future studies. Of particular interest would be
preclinical experiments that both test the b-value scaling behavior of the directionaveraged dMRI signal and directly compare TDE estimates of axonal water fraction to
histology.
We demonstrated the application of a TDE pulse sequence with an axially
symmetric b-matrix to estimate the intra-axonal and extra-axonal diffusion tensors in
WM. Data acquired with this sequence allow the intra-axonal diffusivity to be calculated
in a simple and direct way. From this parameter and additional data obtained with
conventional SDE MRI, the diffusion tensors for the intra-axonal and extra-axonal water
pools are then straightforward to determine, along with several compartment-specific
diffusion measures. A notable feature of this TDE approach is that detailed assumptions
regarding

water

diffusion

in

the

extra-axonal
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space

are

not

needed.

10
High fidelity fODF
……………………
Moss, H. G. & Jensen, J. H. (2022). High fidelity fiber orientation density functions from
fiber ball imaging. NMR in biomedicine, 35(1), e4613. https://doi.org/10.1002/nbm.4613

Introduction
The geometrical arrangement of axon orientations inside a small region of white
matter is described by the fiber orientation density (or distribution) function (fODF)
(Alexander, 2005; Tournier, 2019; Tournier et al., 2004). Estimation of the fODF for
individual imaging voxels is one of the more remarkable abilities of diffusion MRI
(dMRI), providing a unique picture of the intricate details of brain tissue cytoarchitecture.
Heretofore, fODFs have mainly been applied to support fiber tractography (Jeurissen et
al., 2019) and microstructural modeling (Bryant et al., 2021; Lyon et al., 2019;
McKinnon et al., 2018; Raffelt et al., 2017). In both cases, the fODF is essentially
regarded as an input for the calculation of other physical quantities. However, as
technical innovations lead to improving methods for measuring fODFs, it becomes
natural to explore whether the fODF could itself be valuable as a direct window into
cytoarchitectural changes associated with brain development, aging, and disease.
Specifically, several open questions spring to mind. How variable are fODFs from a

182

given brain region across individuals? How do fODFs change with age? How are fODFs
affected by stroke, epilepsy, and Alzheimer’s disease?
To appreciate the information that the fODF provides, it is important to have a
clear understanding of its physical meaning. One way to explain this is to imagine
picking a water molecule at random from within the axoplasm of a given voxel, as
illustrated in Figure 10.1. Note that water within the myelin and extra-axonal water are
not included. Then the fODF for this voxel is simply the probability density, 𝐹(𝐮), of the
axon that contains the water molecule being oriented in a direction u .

FIGURE 10.1: The fiber orientation
density function (fODF) gives the
probability of an intra-axonal water
molecule being located inside an axon
oriented in a given direction. In the
schematic, the axoplasm is shown in
blue, the myelin sheaths are shown in
brown, and the extra-axonal space is
shown in yellow. The directions of the
axons are indicated by the arrows. By
convention, the fODF is defined to
have antipodal symmetry so that it is
unchanged if the directions are rotated
by 180°.

If the axon is curved, then it is the orientation in the vicinity of the water molecule that
counts. Thus the fODF is entirely determined by axon morphometry and could, at least in
principle, be calculated from three-dimensional white matter histology. One caveat,
however, is that it is not definitively known whether the fODF, as estimated with dMRI,
includes both myelinated and unmyelinated axons, but some evidence does indicate that
183

myelinated axons give the predominant contribution to the fODF for typical dMRI data
acquisitions (Moss et al., 2019). A more precise mathematical definition of the fODF is
given in Appendix A.
In order to obtain and utilize high fidelity fODF maps that support meaningful
comparison of fODF structure across voxels and subjects, several issues need to be
addressed. First, it is important that the angular resolution of the fODF maps be known so
they can be properly interpreted. Second, criteria for choosing the number of diffusion
encoding directions and the diffusion weighting are needed to avoid sampling errors and
noise artifacts. Excessive sampling errors and signal noise degrade fODF maps and
obscure the finer details of fODF structure. Third, fODFs should be plotted consistently
in a local frame of reference that is determined by the fODF structure itself rather than in
a global frame as is typically done. Global frames (e.g., the lab frame) are necessary for
generating fiber tracking, but they confound the comparison of fODF structure since the
appearance of fODF maps in global coordinates depends on both structure and spatial
orientation. By using a local frame of reference, the effect of spatial orientation can be
removed. Finally, quantitative methods for comparing fODFs across voxels and subjects
are required to fully exploit the information they provide.
The goal of this paper is to address these issues in the context of fiber ball
imaging (FBI), which is one approach for constructing fODFs (Jensen et al., 2016;
McKinnon et al., 2018; Moss et al., 2019). An advantage of FBI is that fODFs are
calculated by simply applying a linear transform to the dMRI signal data from a single bvalue shell without the need to introduce a global response function or numerical
regularization. Nevertheless, much of the methodology proposed here is also applicable
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to other fODF approaches. Examples of high fidelity fODFs constructed from dMRI data
obtained at 3T are used to demonstrate the quality that can be achieved for various
choices of imaging parameters.

Methods
Fiber ball imaging
The core equation that underpins FBI is that the fODF is approximately given by
𝐹(u) =

𝑘 '(
𝑇@ {𝑆}(u, 𝑏𝐷< ),
2𝑆̅ &

(10.1)

where 𝑆 is the dMRI signal as a function of diffusion encoding direction u for a given bvalue shell, 𝑇@&'( {𝑓 } is the inverse generalized Funk transform, 𝑆̅ is the signal averaged
over all diffusion encoding directions, 𝑏 is the b-value, 𝐷< is a chosen diffusivity scale,
and 𝑘 is a normalization constant (Jensen et al., 2016; Moss et al., 2019). The generalized
Funk transform and its inverse are both linear operators, and they are discussed in detail
in Appendix B. Equation 10.1 presumes that the dMRI signal has the antipodal symmetry
𝑆(−u) = 𝑆(u), which is required for the inverse generalized Funk transform to exist.
This is typically true for dMRI data to a good approximation (Grebenkov, 2007), and in
practice, any departures from antipodal symmetry are easily removed in the
preprocessing. In this work, we choose the normalization constant 𝑘 so that
Z 𝑑Ωu 𝐹(u) = 1.

(10.2)

The derivation of Equation 10.1 assumes that axons can be idealized as thin,
straight, impermeable cylinders and that the b-value is sufficiently high to suppress the
signal from extra-axonal water relative to the signal from water in the more restricted
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intra-axonal compartment. Additional requirements and support for the validity of
Equation 10.1 are discussed in prior work (Jensen et al., 2016; McKinnon et al., 2018;
McKinnon et al., 2017; Moss et al., 2019). In particular, the observed decrease of the
direction-averaged dMRI signal as 1/√𝑏 for high b-values provides strong corroboration
of the thin cylinder approximation (McKinnon et al., 2017; Moss et al., 2019; Novikov et
al., 2018a; Veraart et al., 2019).Typically, the b-value should be about 4000 s/mm2 or
larger for healthy, adult human brain when using 3T scanners. Equation 10.1 is only
applicable to white matter and likely quantifies the angular density of mainly myelinated
axons.
Because of antipodal symmetry, the dMRI signal can be expanded solely in terms
of even degree spherical harmonics as
V

𝑆(𝐮) = 𝑆< „

!"
# #(
„ 𝑎!"
𝑌!" 𝜃, 𝜑),

(10.3)

"M< #M'!"

where (𝜃, 𝜑) are the spherical angles for the direction vector u, 𝑌"# (𝜃, 𝜑) is the spherical
#
harmonic of degree 𝑙 and order 𝑚, 𝑎!"
are the expansion coefficients, and 𝑆< is the signal

when the b-value is set to zero. From Equations 10.B5, 10.1, and 10.3, along with
linearity of the generalized Funk transform, one then sees that
V

𝐹 ( 𝐮) = „

!"
# #(
„ 𝑐!"
𝑌!" 𝜃, 𝜑),

"M< #M'!"

where

186

(10.4)

#
𝑐!"
=

#
𝑘𝑆< 𝑎!"
2𝑆̅𝜆ª!" (𝑏𝐷< )

(10.5)

with 𝜆ª!" (𝑏𝐷< ) being an the eigenvalue for the generalized Funk transform (see Appendix
B for details). Equations 10.2-10.5, 10.B6, and 10.B10 imply
𝑘=

𝜆ª< (𝑏𝐷< )
= erf -𝑏𝐷< .
2𝜋

(10.6)

where erf(𝑥) is the error function.
The diffusivity scale 𝐷< is an adjustable parameter, but should be chosen so that
𝐷< ≥ 𝐷X where 𝐷X is the intrinsic intra-axonal diffusivity (Jensen et al., 2016). For 𝐷< ,
standard choices are either 𝐷< = 𝐷X , which requires that a reliable estimate for 𝐷X be
available, 𝐷< = 𝐷Y , where 𝐷Y is the diffusivity of free water, or 𝐷< = ∞. For 𝐷< = ∞, the
inverse generalized Funk transform reduces to the inverse of the classical Funk
transform, as follows from Equation 10.B3. For finite 𝐷< , the estimate of the fODF
provided by Equation 10.1 becomes more accurate but also more sensitive to signal noise
(Jensen et al., 2016; Moss et al., 2019). However, for a fixed signal-to-noise ratio (SNR),
the impact of the choice of 𝐷< decreases as the b-value is increased. At a body
temperature of 37 °C, we have 𝐷Y ≈ 3.0 µm2/ms (Holz, 2000). The choice 𝐷< = 𝐷X
should theoretically give the best accuracy, but 𝐷X is difficult to measure with single
diffusion encoding MRI (Jelescu et al., 2016). Thus the other choices may often be more
convenient.
In white matter, 𝐷X ≈ 2.25 µm2/ms.17 Since FBI requires 𝑏 ≥ 4000 s/mm2, one
would usually have 𝑏𝐷< ≥ 9. This implies
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0.99998 ≈ erf(3) ≤ 𝑘 ≤ erf(∞) = 1.

(7)

Therefore in all cases of interest, the normalization constant 𝑘 is very close to one.

Angular resolution
For an experiment in which dMRI data are acquired on the b-value shell for 𝑁
distinct diffusion encoding directions, only a finite number of terms in the signal
expansion of Equation 10.3 can be accurately estimated. Therefore, this expansion is
typically truncated as
Z

𝑆(𝐮) = 𝑆< „

!"
# #(
„ 𝑎!"
𝑌!" 𝜃, 𝜑)

(10.8)

"M< #M'!"

where 2𝐿 is the maximum degree of the retained spherical harmonics. Because the signal
is a real function, the expansion coefficients must have the property
'#
#
𝑎!"
= (−1)# 𝑎!"

∗

(10.9)

with the asterisk indicating complex conjugation. This implies that, for each value of 𝑙 in
Equation 10.8, there are 4𝑙 + 1 independent parameters to be calculated from the data. As
the number of diffusion encoding directions should equal or exceed the number of
independent parameters, one finds that 𝑁 ≥ (𝐿 + 1)(2𝐿 + 1) ≡ 𝑁!Z . Here we have
defined 𝑁!Z as the total number of independent parameters for the signal’s spherical
harmonic expansion, which sets the minimum number of diffusion encoding directions
needed to uniquely determine the expansion coefficients up to a degree 2𝐿.
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With FBI, the fODF is a linear transform of the signal. Hence, the spherical
harmonic expansion of Equation 10.4 must be similarly truncated to
Z

𝐹 ( 𝐮) = „

!"
# #(
„ 𝑐!"
𝑌!" 𝜃, 𝜑).

(10.10)

"M< #M'!"

This restriction on the number terms that may be included in the fODF’s spherical
harmonic representation means that its angular resolution, as estimated with FBI, is
limited. To find a quantitative connection between angular resolution and the maximum
degree 2L , we consider an fODF that is concentrated in the direction defined by 𝜃 = 0.
The estimated fODF obtained from Equations 10.1 and 10.10 is
Z
1
𝜆ª!" (𝑏𝐷X )
𝐹\]^ (𝐮) =
„ (4𝑙 + 1) ∙
∙ 𝑃!" (cos 𝜃),
4𝜋
𝜆ª!" (𝑏𝐷< )

(10.11)

"M<

which corresponds to the point spread function (PSF) for the degree 2𝐿. This PSF is
peaked near 𝜃 = 0 and 𝜃 = 𝜋 as illustrated by Figure 10.S2 of the Supporting
Information. The angular resolution for a degree 2𝐿 may be defined as the full width at
half the maximum of this central PSF peak. From Equation 10.11, we see that the angular
resolution, 𝛼!Z , can be determined from

Z

Z
𝜆ª!" (𝑏𝐷X )
𝛼!Z
𝜆ª!" (𝑏𝐷X )
2 „(4𝑙 + 1) ∙
∙ 𝑃!" ±cos
² = „(4𝑙 + 1) ∙
∙ 𝑃!" (1).
2
𝜆ª!" (𝑏𝐷< )
𝜆ª!" (𝑏𝐷< )
"M<

"M<
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(10.12)

Numerical solutions to Equation 10.12 are given in Table 1 for 𝐷< = 𝐷X and 𝐿 = 1 to 10.
Note that in this case the angular resolution is independent of both 𝐷X and 𝑏.

One can also show that 𝐷< = 𝐷X gives the best possible angular resolution for a given
value of 𝐿 and that this is approximated by
𝛼!Z ≈

3.13
-𝑁!Z − 1

.

(10.13)

Plots of 𝛼!Z as a function of the b-value for 𝐷< equal to 𝐷X , 3 µm2/ms (i.e., 𝐷Y ), and ∞
are shown in Figure 10.2 with 𝐿 = 3 to 6. While the angular resolution for 𝐷< = 3
µm2/ms is close to that for 𝐷< = 𝐷X , setting 𝐷< = ∞ results in a substantially poorer
resolution especially for the lower b-values. For this reason, the choice 𝐷< = ∞ is not
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recommended for high fidelity fODFs. These plots are calculated using 𝐷X = 2.25
µm2/ms, which is a typical value for healthy white matter (Dhital et al., 2019).

FIGURE 10.2 The angular resolution 𝛼%( as
function of the b-value (𝑏) for 𝐷$ = 𝐷) (blue
lines), 𝐷$ = 3 µm2/ms (green lines), 𝐷$ = ∞
(red lines) with 2𝐿 = 6, 8, 10, 12. For 𝐷$ =
𝐷) , 𝛼%( is independent of 𝑏 and decreases with
increasing 2𝐿. For 𝐷$ > 𝐷) , 𝛼%( deceases both
with increasing 𝑏 and with increasing 2𝐿. The
angular resolutions for 𝐷$ = 𝐷) and 𝐷$ = 3
µm2/ms are similar, but the resolution for 𝐷$ =
∞ is substantially worse especially for the
lower b-values and higher 2𝐿 values. The plots
for 𝐷$ = 3 µm2/ms and 𝐷$ = ∞ are calculated
using 𝐷) = 2.25 µm2/ms; the plots for 𝐷$ =
𝐷) are independent of the value of 𝐷) and are
consistent with Table 10.1.

Sampling errors
If the number of diffusion encoding directions is set to the strict minimum value
of 𝑁!Z , then the computed fODFs will be prone to sampling errors due to aliasing, as is
familiar in the context of Fourier transforms but also applies to spherical harmonic
expansions (Daducci et al., 2011; Sansò, 1990). Moreover, any aliasing errors that occur
in the spherical harmonic expansion for the dMRI signal are amplified in the fODF
through application of the inverse generalized Funk transform of Equation 10.1, which
tends to increase the relative contribution of the higher degree terms. This is of particular
importance in fODFs with sharp features since large angular frequencies are most
susceptible to aliasing fold over (or wraparound) artifacts.
A standard procedure for reducing aliasing artifacts is to oversample the data.
This creates a “guard band” in the frequency spectrum that serves to limit penetration of
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fold over artifacts into the calculated spectral range. For example, in MRI, the signal in
the frequency encoding direction is routinely oversampled by a factor 2 in order to
decrease aliasing (Heiland, 2008; Pusey et al., 1988). The analogous degree of
oversampling for spherical harmonics with antipodal symmetry would be to use 𝑁9Z ≈
4𝑁!Z diffusion encoding directions. In some contexts, using even more than 4𝑁!Z
samples has been recommended for obtaining reliable estimates of spherical harmonic
expansion coefficients (Costa et al., 2010). While this would often be impractical for
dMRI, oversampling by factors of 2 to 3 is feasible and can significantly attenuate
sampling errors in fODF estimation.
Taking 𝑁 = 300 as a practical upper limit on the number of diffusion encoding
directions that can be conveniently obtained for in vivo human dMRI, oversampling by a
factor of 3 implies 𝑁!Z ≲ 100. From Table 10.1, we see that this leads to 2𝐿 ≤ 12 and
an angular resolution of no better than about 18.9°. While that may seem coarse, it is
similar to the extent of axonal fanning found from histology in the corpus callosum
(Ronen et al., 2014), which has a relatively high diffusion anisotropy (Pierpaoli and
Basser, 1996), and this resolution may therefore be sufficient to depict the main features
of many fODFs.

Diffusion weighting
In order to obtain high fidelity fODFs, a proper choice of b-value is essential. As
previously mentioned, FBI generally requires b-values of about 4000 s/mm2 or higher in
order to suppress the dMRI signal from extra-axonal water relative to that from intraaxonal water. The hallmark of a sufficiently high b-value is a scaling of the direction192

averaged signal as 1⁄√𝑏, which is the experimental signature of diffusing spins confined
to thin cylinders (e.g., axons). While 4000 s/mm2 is an approximate threshold at which
this behavior becomes apparent, the ideal 1⁄√𝑏 power law decay is realized more
accurately for b-values of 6000 s/mm2 and higher (McKinnon et al., 2017; Moss et al.,
2019; Novikov et al., 2018a; Veraart et al., 2019). Therefore, if high fidelity fODFs are
desired, b-values of 6000 s/mm2 and above can be recommended for human dMRI at 3T.
However, power law scaling of the direction-averaged signal eventually breaks
down when the b-value is too high, at which point FBI is no longer a valid method. This
is because the diffusion wave vector becomes large enough so that the finite diameters of
the axons begin to affect the dMRI signal substantially (Veraart et al., 2020). From the
theory of q-space imaging (Mohanty et al., 2018), the quantitative criterion for this is (in
the short gradient pulse approximation)

𝑑<

1
Δ
= 𝜋• ,
2𝑞
𝑏

(10.14)

where 𝑑 is the axon diameter, Δ is the diffusion time, and 𝑞 = -𝑏/(4𝜋 ! Δ) is the wave
vector amplitude. Equation 10.14 implies an upper bound on the diffusion weighting of
𝜋!∆
𝑏< ! .
𝑑

(10.15)

For 𝑑 = 4 μm and ∆ = 30 ms, this gives 𝑏 < 18,500 s/mm2. Departures from the 1⁄√𝑏
scaling have indeed been observed for b-values exceeding this limit (Veraart et al., 2020).
For small axons, with 𝑑 < -𝐷X 𝛿 where 𝛿 is the gradient pulse duration, the short
gradient pulse approximation may not apply, but in this case motional narrowing
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(Grebenkov, 2007) makes detecting the effect of a finite axon diameter even more
difficult than indicated by Equation 10.15.
Diffusion weighting also has a significant impact on noise artifacts for fODFs
estimated with FBI. From the FBI noise theory derived by Jensen and coworkers (2016),
#
the noise variance of spherical harmonic expansion coefficient 𝑐!"
scales with the b-value

approximately as
!

#)
𝑣𝑎𝑟(𝑐!"

𝑔< (𝑏𝐷< )
𝑙 (2𝑙 + 1)
¸ ≈ 𝑏 exp ·
¸,
∝ 𝑏·
𝑔!" (𝑏𝐷< )
𝑏𝐷<

(10.16)

where we have used the approximation of Equation B9. This is a decreasing function of
the b-value as long as
𝑏<

𝑙 (2𝑙 + 1)
.
𝐷<

(10.17)

With 𝑙 = 4 and 𝐷< = 3 μm2/ms, the inequality of Equation 10.17 yields 𝑏 < 12,000
s/mm2. Thus for 𝐷< ≤ 3 μm2/ms, the noise variance of higher degree harmonics
decreases up to rather large b-values. Since the higher degree harmonics contribute to the
fine structure of the fODFs, using the largest feasible b-value can improve fidelity. An
important caveat, however, is that the derivation of Equation 10.16 assumes the echo time
(TE) is fixed and the SNR is sufficiently high so rectified noise bias can be neglected. In
practice, a larger b-value will typically necessitate a somewhat longer TE resulting in
stronger T2 signal decay and lower SNR. Nonetheless, a rule of thumb for achieving high
fidelity fODFs with FBI on 3T clinical scanners is to use the largest b-value for which the
SNR is adequate to avoid sizable rectified noise bias. On clinical systems equipped with
strong field gradients (i.e., ≳ 80 mT/m), the b-value range of 6000 to 12,000 s/mm2
would often be appropriate for voxel volumes of 20 to 30 mm3.
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Local reference frame
If a global reference frame is used to plot the fODFs, it is difficult to compare the
fine structure of two fODFs with different spatial orientations. This problem can be
ameliorated by employing a local frame based solely on each fODF’s individual
structure. To construct a local reference frame for an fODF, we first introduce the
symmetric tensor
𝐀 ≡ Z 𝑑Ω𝐮 𝐹(𝐮)𝐮𝐮N .

(10.18)

This tensor has three orthogonal eigenvectors (𝐞( , 𝐞! , 𝐞3 ) along with three associated
eigenvalues (𝜆( , 𝜆! , 𝜆3 ). We assume that these are ordered so that 𝜆( ≥ 𝜆! ≥ 𝜆3 and that
the eigenvectors are normalized to unit magnitude. The tensor 𝐀 is equal to the diffusion
tensor for the intra-axonal compartment divided by 𝐷X and is sometimes referred to as the
orientation or scatter matrix (Jespersen et al., 2012; McKinnon et al., 2018).
The three eigenvectors of 𝐀 provide the basis for a local reference frame for the
fODF that is independent of the global reference frame. However, there are sign
ambiguities in the definition of the eigenvectors, since an eigenvector multiplied by
minus one is still an eigenvector with the same eigenvalue. Thus, three conditions on the
eigenvectors must be imposed to uniquely specify the reference frame. For the first
condition, we choose
∫ 𝑑Ωu 𝐹(u)(u∙e! )[u∙(e! × e3 )]𝟑 ≥ 0.

10.19)

The integral on the left side of Equation 10.19 is an odd function of 𝐞3 but an even
function of 𝐞! . Therefore, it fixes the sign of 𝐞3 except for the special case in which the
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integral exactly vanishes (which is unlikely to occur with real data). The integrand in
Equation 10.19 has a function depending on the fourth power of the direction 𝐮, rather
than the second power as in Equation 10.18, in order to have information independent of
the tensor 𝐀. Similarly, our second condition is
Z 𝑑Ωu 𝐹(u)(u∙e3 )[u∙(e! × e3 )]𝟑 ≥ 0

(10.20)

which fixes the sign of 𝐞! . The final condition is
𝐞𝟏 ∙ (e! × e3 ) > 0

(10.21)

and fixes the sign of 𝐞( . Equation 10.21 simply means that the eigenvectors define a
right-handed Cartesian coordinate system. Alternative conditions to resolve the
eigenvector sign ambiguities are possible, but Equations 10.19-10.21 are among the
simplest.
In terms of the spherical harmonic expansion coefficients for the fODF, the tensor
𝐀 is given explicitly by (McKinnon et al., 2018)
√30 < √6 <
𝑐< −
𝑐! + 𝑐!! + 𝑐!'!
3
3
⎛
1 ⎜
𝐀= <
𝑖𝑐!! − 𝑖𝑐!'!
𝑐< √30 ⎜
⎜
⎝

𝑖𝑐!! − 𝑖𝑐!'!

−𝑐!( + 𝑐!'(

√30 < √6 <
𝑐 −
𝑐 − 𝑐!! − 𝑐!'!
3 <
3 !

−𝑖𝑐!( − 𝑖𝑐!'(

−𝑐!( + 𝑐!'(

−𝑖𝑐!( − 𝑖𝑐!'(

√30 < 2√6 <
𝑐 +
𝑐
3 <
3 !⎠
(10.22)

This is automatically a real, symmetric matrix with a unit trace that can be diagonalized
for each voxel to find the three local reference frame eigenvectors.
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For plotting two-dimensional fODF maps, it is convenient to employ local
spherical angles defined by
𝐮 = 𝐞( cos 𝜃 + 𝐞! sin 𝜃 cos 𝜑 + 𝐞3 sin 𝜃 sin 𝜑 .

(10.23)

Azimuthal projection coordinates in the xy-plane are then given by 𝑥 = 𝑟(𝜃) cos 𝜑 and
𝑦 = 𝑟(𝜃) sin 𝜑 with the function 𝑟(𝜃) specifying the type of azimuthal projection. The
choice 𝑟(𝜃) = 𝜃 corresponds to an equidistant azimuthal projection, the choice 𝑟(𝜃) =
2 sin(𝜃 ⁄2) corresponds to an equal-area azimuthal projection, and the choice 𝑟(𝜃) =
2 tan(𝜃 ⁄2) corresponds to a stereographic azimuthal projection (Synder and Voxland,
1989). Because of antipodal symmetry, the fODF only need be plotted over the
hemisphere defined by 0 ≤ 𝜃 ≤ 𝜋⁄2 and 0 ≤ 𝜑 ≤ 2𝜋 in order to have a complete
representation. Maps of fODFs will then appear in the xy-plane as disks with a radius of
𝜋⁄2 for the hemispheric equidistant azimuthal projection (HEAP), √2 for hemispheric
equal-area azimuthal projection, and 2 for the hemispheric stereographic azimuthal
projection. The direction 𝐞( corresponds to the central point 𝜃 = 0 and 𝜑 = 0, direction
𝐞! corresponds to the point 𝜃 = 𝜋⁄2 and 𝜑 = 0, and the direction 𝐞3 corresponds to the
point 𝜃 = 𝜋⁄2 and 𝜑 = 𝜋⁄2. In this paper, we employ HEAP maps since they are among
the best flat projections of a sphere in minimizing distortion errors (Gott III et al., 2021;
Gott III et al., 2007).
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Distance measure for fODFs
For quantitative comparison of fODFs, it is useful to employ a distance measure
that reflects how similar two fODFs are. The mathematics literature offers many
possibilities (Cha, 2007). A familiar one is the Euclidian distance
𝑑b ≡ •Z 𝑑Ω𝐮 [𝐹( (𝐮) − 𝐹! (𝐮)]! ,

(10.24)

where 𝐹( (𝐮) and 𝐹! (𝐮) are two fODFs each expressed in its own local frame of
reference. Another attractive choice is the Matusita distance (Matusita, 1955)
!

𝑑c ≡ •Z 𝑑Ω𝐮 Ä-𝐹( (𝐮) − -𝐹! (𝐮)Å ,

(10.25)

which has often been used in the context of probability densities. A potential advantage
of the Matusita distance is that it is less strongly dominated by the largest fODF peaks
than is the Euclidian distance and may thereby be more sensitive to differences in fine
structure. In addition, the Matusita distance can never exceed √2, while the Euclidian
distance is unbounded. The Matusita distance is closely related to the Bhattacharyya and
Hellinger distances (Cha, 2007).
For every type of distance, there is an associated anisotropy measure defined as
the distance from an fODF with a constant value across all directions. For the
normalization of Equation 10.2, this constant value is 1⁄4𝜋. The Matusita anisotropy
axonal (MAA) is thus given by

MAA ≡

1
√2

•Z 𝑑Ω𝐮 Æ-𝐹(𝐮) −
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1
√4𝜋

!

Ç ,

(10.26)

where we have included a factor of 1⁄√2 so that 0 ≤ MAA ≤ 1. An important
distinction between anisotropies based on distance measures and the fractional anisotropy
of the axonal compartment (FAA) is that the FAA only depends on the spherical
expansion coefficients of degrees zero and two (McKinnon et al., 2018), but distancebased anisotropies generally depend on all of the expansion coefficients. For instance, if
𝐹(𝐮) =

(
√9?

e

𝑌<< (𝜃, 𝜑) + (f√? 𝑌9< (𝜃, 𝜑),

(10.27)

then FAA is zero but MAA ≈ 0.330245.
The physical meaning of MAA can be illustrated by considering an fODF that has
a constant nonzero value over a surface area fraction 𝜅 and is zero otherwise. We then
simply have
MAA = É1 − √𝜅 .

(10.28)

Thus an fODF that is spread out over a large surface area has a low MAA while a sharply
peaked fODF has a high MAA. Note that, for this example, the MAA is insensitive to the
details of the shape of the surface area where the fODF is nonzero.

Imaging
Three healthy volunteers were scanned with a 32 channel head coil on a 3T
Prismafit MRI scanner (Siemens Healthineers, Erlangen, Germany). The coil combine
mode was set to adaptive combine for all diffusion sequences in order to minimize noise
bias (Dietrich et al., 2008). All subjects received informed consent under a protocol
approved by the institutional review board of the Medical University of South Carolina.
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FBI data were acquired for 3 different b-value shells with b = 5000, 8000, and
10,000 s/mm2 using a monopolar diffusion sequence and 256 uniformly distributed
diffusion encoding directions on a half sphere. For each b-value shell, a total of 42 axial
slices were obtained with a slice thickness of 3 mm, a field of view of 222 × 222 mm2,
and an acquisition matrix of 74 × 74, thereby yielding 3 × 3 × 3 mm3 isotropic voxels.
The parallel imaging and slice acceleration factors were both set to 2, and the bandwidth
was set to 1536 Hz/pixel. For the b = 5000 s/mm2 shell, the TE was 83 ms, the repetition
time (TR) was 3500 ms, the diffusion time (Δ) was 40.1 ms, and the diffusion pulse
duration (δ) was 22.1 ms; for the b = 8000 s/mm2 shell, TE was 99 ms, TR was 3900 ms,
Δ was 48.7 ms, and δ was 30.1 ms; for the b = 10,000 s/mm2 shell, TE was 108 ms, TR
was 4000 ms, Δ was 53.2 ms, and δ was 34.6 ms. For each b-value, a set of 10 b = 0
volumes were collected with matched imaging parameters, and one b = 0 volume was
collected with the phase encoding direction reversed to facilitate corrections for
susceptibility distortion. The entire acquisition for the b = 8000 s/mm2 shell was repeated
within the same scan session to allow for assessment of reproducibility.
In order to identify white matter voxels, diffusional kurtosis imaging (Jensen and
Helpern, 2010; Jensen et al., 2005) data were also acquired with the same monopolar
diffusion sequence. The imaging parameters were identical as for the FBI scan with b =
8000 s/mm2 except b-values of 1000 and 2000 s/mm2 were used along with 30 diffusion
encoding directions for each of these two b-value shells.
To determine voxelwise estimates of the intra-axonal diffusivity 𝐷X , a previously
described custom triple diffusion encoding (TDE) MRI pulse sequence was employed
(Ramanna et al., 2020). The imaging parameters were matched to the b = 8000 s/mm2
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FBI scan except that TE was 122 ms, Δ was 37.1, δ was 18.6 ms, axial b-value was 4000
s/mm2, and number of diffusion encoding directions was 64. TDE data were obtained
both with the radial gradients switched on (radial b-value = 307 s/mm2) and off. As for
the other diffusion scans, 10 matched b = 0 volumes were collected along with a single
reversed phase encoding b = 0 volume.

Data processing
Preprocessing

of

the

dMRI

data

utilized

a

Python

implementation

(https://github.com/m-ama/PyDesigner) of the DESIGNER pipeline (Ades-Aron et al.,
2018). This included denoising with Rician bias correction (Veraart et al., 2016), Gibbs
ringing correction (Kellner et al., 2016), susceptibility distortion correction (Andersson et
al., 2016a), co-registration and eddy current correction (Andersson and Sotiropoulos,
2016), and Gaussian smoothing with a full width at half maximum of 1.25 to further
suppress the effects of noise and Gibbs ringing. This pipeline also calculated parametric
maps of standard diffusion measures including the fractional anisotropy (FA) and mean
kurtosis (MK).
Voxelwise maps for the intrinsic intra-axonal diffusivity, 𝐷X , were obtained from
the TDE data using a previously described method (Jensen and Helpern, 2018; Ramanna
et al., 2020). Specifically, we used the formula
𝐷X =

1
𝑆(̅
𝑏∥
ln Ê •
Ë,
𝑏$
𝑆!̅ 𝑏∥ − 𝑏$

(10.29)

where 𝑏∥ is the axial b-value, 𝑏$ is the radial b-value, 𝑆(̅ is the direction-averaged TDE
signal with the radial gradient switched off, and 𝑆!̅ is the direction-averaged TDE signal
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with the radial gradient switched on. The average 𝐷X values across all white matter
voxels were found to be 2.14 ± 0.14 µm2/ms, 2.10 ± 0.21 µm2/ms, and 2.13 ± 0.17
µm2/ms, for Subjects 1, 2, and 3, respectively. White matter was defined as all voxels in
the cerebrum with MK ≥ 1 (Yang et al., 2013).
The FBI data for each b-value shell were expanded in spherical harmonics using
the method of least squares, and fODFs were determined for all white matter voxels by
applying Equations 10.5 and 10.10 with 𝐿 set to either 4, 5, or 6 and with 𝐷< set to either
𝐷X , 3 µm2/ms, or ∞. Because some fODFs calculated in this way take on unphysical
negative values in some directions (due, for example, to Gibbs phenomena related to the
truncation of the spherical harmonic expansion), all fODFs were rectified according to an
optimized method (Moss and Jensen, 2021). This method makes the fODFs nonnegative
in way that minimizes the mean square difference between the original fODF, obtained
from Equations 10.5 and 10.10, and the final rectified fODF. For this study, rectification
was essential in order to calculate Matusita distances and anisotropies since these require
taking the square root of the fODFs. However, the effect of rectification on most fODFs
was minor (Moss and Jensen, 2021; Moss et al., 2019). HEAP maps for fODFs in their
local frames of reference were generated by applying Equations 10.19-10.23. The MAA
value for an fODF was calculated from Equation 10.26, while the FAA was obtained
from (McKinnon et al., 2018)
3 ∑!#M'!|𝑐!# |!
FAA = • < !
.
5|𝑐! | + 2 ∑!#M'!|𝑐!# |!

(10.30)

For finding the Matusita distance, 𝑑c , between two fODFs, we used Equation 10.25 with
the integral being evaluated numerically.
202

Results
The effect on fODF representations of rotating from the original laboratory frame
of reference (global frame) to a local frame of reference based on the eigenvectors of the
tensor 𝐀 is illustrated by Figure 10.3. The leftmost column shows the HEAP maps in the
global frame for fODFs from 4 different white matter voxels all taken from a single
subject. The central column shows the same fODFs in the local frames. After the change
in coordinates, the main weights of the fODFs are concentrated near the centers of the
maps. The rightmost column shows the corresponding three-dimensional glyphs. The
fODFs for the HEAP maps in this figure and those below were rescaled to have a
maximum value of one for the sake of visual clarity. However, for all quantitative
calculations, the normalization of Equation 10.2 was employed.
A comparison of fODFs from two different scans is shown in Figure 10.4 for the
same 4 voxels as in Figure 10.3. For 2𝐿 = 8, a high degree of reproducibility is apparent
and quantified by low Matusita distances between the two scans of 0.07 to 0.13. With an
increased maximum degree of spherical harmonic expansion, the angular resolution
improves but the reproducibility is diminished as reflected in the higher Matusita
distances. For 2𝐿 = 10, the reproducibility is still good with Matusita distances ranging
from 0.16 to 0.21, but for 2𝐿 = 12, the Matusita distances vary from 0.36 up to 0.45 in
Voxel 4. This poorer reproducibility for 2𝐿 = 12 reflects the effects of signal noise on
the higher degree harmonics that may be amplified by aliasing due to insufficient data
sampling. Even with limited reproducibility, the FAA and MAA changed by at most a
few percent across scans for all 3 choices of 2𝐿.
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FIGURE 10.3 The leftmost column shows hemispheric equidistant azimuthal projection (HEAP) maps for
fODFs from 4 different white matter voxels from a single subject as they appear in a global reference frame
defined by the laboratory coordinate system. The center column shows the same fODFs rotated to their
individual local reference frames. In the local frames, the main weights of the fODFs are concentrated near
the centers of the maps. The rightmost column shows the corresponding three-dimensional glyphs that are
commonly used to depict fODFs. All fODFs are obtained from diffusion MRI (dMRI) data with b = 8000
s/mm2 and are calculated with 2𝐿 = 10 and 𝐷$ = 𝐷) . For display purposes, the fODFs in the HEAP maps
have all been individually rescaled to have a maximum value of one. The distance from the center of each
map reflects the polar angle 𝜃 while the azimuthal angle 𝜑 increases clockwise starting from 0 in the
positive horizontal direction. The polar angle is restricted to the range 0 to π/2, and the azimuthal angle
varies from 0 to 2π.

Distributions of voxelwise Matusita distances between fODFs obtained for the
first and second scans with 𝑏 = 8000 s/mm2 and 𝐷< = 𝐷X for 3 subjects are given by
Figure 10.5. The distances become smaller with decreasing 2𝐿. This is because
decreasing 2𝐿 has a smoothing effect on the fODFs that suppresses the effects of signal
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noise. However, this same change also reduces the angular resolution of the fODFs.
Thus, the choice of 2𝐿 constitutes a compromise between precision and accuracy. The
smoothing effect of decreasing 2𝐿 is illustrated in Figure 10.6 for a single voxel.
Also shown in Figure 10.6 is the smoothing effect of increasing 𝐷< , which is most
apparent for 2𝐿 = 12. Figure S3 shows, for 𝑏 = 8000 s/mm2, the distribution of
Matusita distances between fODFs with 𝐷< = 𝐷X and 𝐷< = 𝐷Y and between fODFs with
𝐷< = 𝐷X and 𝐷< = ∞. The distances for the first difference are smaller than for the
second reflecting a better accuracy for 𝐷< = 𝐷Y in comparison to 𝐷< = ∞. The distances
decrease when 2𝐿 is reduced because of the aforementioned smoothing effect of lowering
the maximum degree of the spherical harmonic expansion.
Figure 10.7 compares the fODFs for the same voxel as in Figure 10.6 for b-values
of 5000, 8000, and 10,000 s/mm2. Note that the smoothing effect of increasing 𝐷< is
diminished for the larger b-values, as expected from the fact that the generalized Funk
transform approaches the classical Funk transform in the limit that the control parameter
𝑠 goes to infinity. Distribution of Matusita distances for the same 3 b-values for all white
matter voxels from each of 3 subjects are given in Figure S4. As for Figure S3, the
distances are between fODFs with 𝐷< = 𝐷X and 𝐷< = 𝐷Y and between fODFs with 𝐷< =
𝐷X and 𝐷< = ∞. Note how the distribution plots shift to smaller values as the b-value is
increased. Additional distribution plots are given in Figure S5 showing Matusita
distances between fODFs with different b-values and with different values for 2𝐿.
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FIGURE 10.4 Reproducibility of fODFs across two different scans for the same voxels as in Figure 10.3
with b = 8000 s/mm2, 𝐷$ = 𝐷) , and 2𝐿 = 8, 10, 12. The fractional anisotropy axonal (FAA) and Matusita
anisotropy axonal (MAA) are indicated for each fODF along with the Matusita distance (𝑑* ) between the
first and second scans. The FAA and MAA are quite similar for both scans, but there is a non-negligible
Matusita distance (𝑑* ) that increases with 2𝐿. A lower 2𝐿 results in more reproducible fODFs but at the
price of a worse angular resolution and sensitivity to fODF fine structure. Note that one can discern two
peaks at the center of Voxel 3 for 2𝐿 = 12 that are merged into a single peak for 2𝐿 = 8. All maps are
constructed using the fODFs’ local frames of reference.
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Maps for the 3 anisotropies FA, FAA, and MAA for a single anatomical slice
from each of 3 subjects appear in Figure 10.8. While there are strong qualitative
similarities, there are also clear differences that reflect the distinct information that each
type of anisotropy provides. The traditional FA quantifies the anisotropy of the diffusion
tensor of the full tissue, but the FAA quantifies the tensor anisotropy of just water
confined to the intra-axonal compartment. The MAA is also specific to the intra-axonal
water pool, but differs from the FAA in being sensitive to spherical harmonic
components of the fODF with degrees greater than 2.

FIGURE 10.5 Distribution plots of 𝑑* values between the first and second FBI scans with b = 8000 s/mm2
and 𝐷$ = 𝐷) across all white matter voxels from 3 subjects. The 𝑑* values increase with increasing 2𝐿
since the inclusion of higher harmonic degrees amplifies the sensitivity of the fODFs to signal noise. The
plots are constructed using 100 bins over the full range of 0 to √2.

Distribution plots for FA, FAA, and MAA for the 3 subjects are shown in Figure
10.9. The mean FA values are 0.43 ± 0.13, 0.43 ± 0.14 and 0.44 ± 0.14 for Subjects 1, 2,
and 3, respectively; the mean FAA values are 0.54 ± 0.13, 0.54 ± 0.14 and 0.54 ± 0.14;
the mean MAA values are 0.40 ± 0.07, 0.41 ± 0.07 and 0.41 ± 0.07. Pairwise correlation
plots for the 3 anisotropies with data from 3 subjects are given by Figure 10.10. Note that
FA and FAA are more strongly correlated with each other than either is with MAA.
Nevertheless, the FAA and MAA are tightly correlated for FAA values above 0.8, which
represent voxels with narrow distributions of axon directions.
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FIGURE 10.6 Comparison of fODFs
from a single voxel calculated with 𝐷$
set to 𝐷) , 𝐷+ = 3 µm2/ms, or ∞, for b =
8000 s/mm2 and 2𝐿 = 8, 10, 12. The
Matusita distances for 𝐷$ = 𝐷+ and
𝐷$ = ∞ are relative to the fODFs with
𝐷$ = 𝐷) and the same 2𝐿 values. The
choice of 𝐷$ = 𝐷+ causes a slight
blurring of the fODF, in comparison to
𝐷$ = 𝐷) ,
that
becomes
more
pronounced as 2𝐿 is increased and is
reflected in 𝑑* . The FAA and MA
values are only slightly affected. In
contrast, use of 𝐷$ = ∞ has more
sizable effects that noticeably degrade
fODF fidelity, particularly for 2𝐿 = 12.
In general, setting 𝐷$ = 𝐷) should give
more accurate fODFs, but when 𝐷)
values are not available, 𝐷$ = 𝐷+
provides a satisfactory alternative.

FIGURE 10.7 Comparison of fODFs from a
single voxel calculated with 𝐷$ set to 𝐷) , 𝐷+ ,
or ∞, for 2𝐿 = 10 and b =5000, 8000, and
10,000 s/mm2. The Matusita distances for
𝐷$ = 𝐷+ and 𝐷$ = ∞ are relative to the
fODFs with 𝐷$ = 𝐷) and the same b-values.
The impact of the choice of 𝐷$ diminishes
with increasing b-value as reflected in the 𝑑*
values. The FAA and MAA values are only
slightly changed as the b-value is increased
with the biggest effect being seen for 𝐷$ =
∞.
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An advantage of employing the local frame of reference for each fODF is that this
facilitates comparison of fODFs across voxels. An example is provided by Figure 10.11,
which shows average fODFs over all white matter voxels for 2𝐿 = 8, 10, 12 from each of
3 subjects. Across all 3 subjects, the full widths at half the maximum for these averages
in the horizontal direction are 47.8° ± 2.9° with 2𝐿 = 8, 43.5° ± 2.9° with 2𝐿 = 10, and
39.2° ± 4.0° with 2𝐿 = 12, where we have indicated the intersubject standard deviations.
These values are all larger than the angular resolutions listed in Table 10.1, reflecting
dispersion of the intra-voxel axonal orientations. That the widths decrease with increasing
2𝐿 suggests a significant fraction of fODFs have true widths smaller than the angular
resolution for 2𝐿 = 10 (i.e., 22°). As a second example, Figure 10.12 shows, for selected
anatomical slices, maps of the Matusita distances between the fODFs from each voxel
and the average fODF across the whole white matter. Large distances indicate white
matter regions having atypical fODFs.
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FIGURE 10.8 Fractional anisotropy (FA), FAA, and MAA maps for a single anatomical slice from each of
3 subjects. The FA maps are derived from diffusional kurtosis imaging data. The FAA and MAA maps are
calculated from fODFs using 2𝐿 = 10 and 𝐷$ = 𝐷) for dMRI data acquired with b = 8000 s/mm2. Since
the FAA and MAA are only meaningful in white matter, only white matter voxels are shown in color for
the maps of these 2 parameters. While all three anisotropies share qualitative features, they quantify
different aspects of diffusion anisotropy. Both the FAA and MAA are specific to the intra-axonal water
pool, but the FA reflects the aggregate anisotropy of both intra-axonal and extra-axonal water
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FIGURE 10.9 Distribution of FA (black line), FAA (red line), and MAA (blue line) across all white matter
voxels for each of 3 subjects. Both FAA and MAA are determined using 2𝐿 = 10 and 𝐷$ = 𝐷) for data
obtained with b = 8000 s/mm2. The MAA distribution is more sharply peaked than either the FA or FAA.
The plots are constructed using 100 bins over the full range of 0 to 1.

FIGURE 10.10 Correlations between FA, FAA, and MAA across all white matter voxels from 3 subjects.
All the correlation coefficients (r) are high, but MAA is less strongly correlated with either FA and FAA
than is FAA with FA. However, in the rightmost column, MAA and FAA appear to be very highly
correlated for FAA values above 0.8, which correspond to voxels where axons are mainly oriented in
similar directions. Both FAA and MAA are for 2𝐿 = 10, 𝐷$ = 𝐷) , and b = 8000 s/mm2.

211

FIGURE 10.11 Average of fODFs over all white matter voxels for each of 3 subjects. The averages are
calculated using the fODFs’ local frames of reference in order to remove the effect of relative spatial
orientation in the lab frame. The b-value is 8000 s/mm2, 𝐷$ is set to 𝐷) , and 2𝐿 is set to 8, 10, and 12. Note
that the FAA decreases slightly with increasing 2𝐿 while the MAA becomes larger.

FIGURE 10.12 Maps of the Matusita distance between fODFs in each white matter voxel and the average
fODF for selected slices from 3 subjects with white matter shown in color. The b-value is 8000 s/mm2, 𝐷$
is set to 𝐷) , and 2𝐿 is set to 10. The distances are for the local reference frames with the average fODFs
being determined separately for each subject using all white matter voxels from the entire cerebrum.
Relatively large differences are apparent in the genu and splenium of the corpus callosum, showing that
these regions have atypical fODFs.
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Discussion
The observation of large diffusion anisotropy in white matter was a watershed
event in the history of dMRI (Chenevert et al., 1990; Moseley et al., 1990). It has sparked
several major developments in the field, such as diffusion tensor imaging (Basser et al.,
1994b) and fiber tractography (Basser et al., 2000; Conturo et al., 1999; Mori et al.,
1999), and continues to be a topic of intensive study. With improving methods for
analyzing and interpreting dMRI data, as well as better scanner technology, the ability to
quantify diffusion anisotropy has steadily progressed. An important step was the
introduction of fODF approaches which focus on the main source of diffusion anisotropy,
namely, water confined inside axons. These have proven valuable both for fiber
tractography (Jeurissen et al., 2019) and microstructural modeling (Bryant et al., 2021;
Lyon et al., 2019; McKinnon et al., 2018; Raffelt et al., 2017). Advancements in the
measurement of fODFs now make it feasible to extract detailed information about fODF
structure that go beyond identifying a few primary fiber bundle directions and supporting
the calculation of compartmental diffusion parameters. However, systematic methods for
exploiting this information are not currently well developed, which limits the application
of fODF structure to the investigation and assessment of white matter disease.
This study has considered several issues that are important for the measurement
and utilization of high fidelity fODFs, defined as representations with adequate resolution
to capture the main angular variation of axonal fiber bundles and with minimal errors due
to sampling and noise. First, we have discussed the relationship between the angular
resolution of an fODF map, which is vital to properly interpret its physical meaning, and
the number of terms included in its representation as a spherical harmonic expansion. We
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find that the achievable angular resolution improves approximately as the total number of
terms raised to the negative one-half power, as expressed by Equation 10.13. Second, we
have argued that the number of diffusion encoding directions should be about 2-3 or more
times the number of expansion terms if substantial sampling errors are to be avoided.
Third, we have noted, for FBI, that the noise variance of the higher spherical harmonic
expansion coefficients decreases with increasing b-value up to a limit that grows
quadratically with the harmonic degree (Equation 10.17). This favors larger b-values if
one wishes to accurately depict fODF fine structure. Larger b-values are also beneficial in
that they more fully suppress the confounding effect of signal from the extra-axonal
compartment, as well as reducing the dependence of the fODF on the choice of the
diffusion reference scale 𝐷< . In practice, b-values in the range of 6000 to 12,000 s/mm2
are often appropriate for obtaining high fidelity fODFs when applying FBI to human data
acquired on state-of-the-art clinical 3T scanners. The achievable reproducibility of fODFs
obtained with angular resolutions of 27° to 19° is illustrated in Figures 10.4 and 10.5 for
a b-value of 8000 s/mm2. Fourth, in plotting fODFs, we have proposed using, as shown in
Figure 10.3, local reference frames that are tied to each fODF’s individual structure
rather than to a global reference frame. This allows fODF structure to be compared
independently of spatial orientation. Finally, we have suggested that the Matusita
distance and the associated MAA can be useful in quantifying subtle changes across
subjects in fODF structure, which may be related to aging and disease.
While these issues have here all been discussed in the context of FBI, several of
our conclusions apply also to other methods of fODF estimation. For example, some of
our results for the angular resolution of fODF maps are also relevant to the constrained
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spherical deconvolution approach (Tournier et al., 2007), and our proposals to use local
reference frames and the Matusita distance are generally applicable. However, our
analysis of the effects of signal noise is specific to FBI since this depends on the details
of the fODF calculation. Also, specific to FBI are considerations of the diffusivity scale
𝐷< . The standard choices for this parameter are 𝐷X , 𝐷Y ≈ 3.0 µm2/ms, or ∞. For high
fidelity fODFs, 𝐷< = 𝐷X is preferred, but 𝐷< = 𝐷Y is also quite acceptable. On the other
hand, setting 𝐷< = ∞ may cause significant fODF blurring, as illustrated in Figures 10.6
and 10.7.
An important observation of this study is that high fidelity fODFs obtained with
even a modest amount of oversampling require the use of a relatively large number of
diffusion encoding directions. For example, with an oversampling factor of 3, Table 10.1
implies that 84 directions are sufficient for an angular resolution of about 34°, 135
directions are sufficient for a resolution of about 27°, 198 directions are sufficient for a
resolution of about 22°, and 273 directions are sufficient for a resolution of about 19°.
Since the angular spread of axonal fiber bundles can be as low as 18° (Ronen et al.,
2014), fewer than 84 diffusion encoding directions is likely inadequate to achieve a high
fidelity representation of the fODF throughout white matter.
The angular resolution determines the ability to resolve distinct peaks of a given
fODF, which typically requires a resolution that is smaller than the angle of separation
and is relevant to fiber tractography in white matter regions with intersecting fiber
bundles. The angular resolution also sets the minimum amount of axonal dispersion (i.e.,
fanning) that can be quantified and is important for delineation of peak shape. It should
be emphasized, however, that the accuracy of the fODF peak directions may be
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substantially better than the angular resolution, allowing white matter fiber tractography
to be successfully performed with fewer directions than are needed for high fidelity
fODFs. In particular, the estimated peak direction for a single axially symmetric fiber
bundle is independent of the fODF angular resolution, so a low resolution is adequate for
fiber tractography in such cases.
An advantage of high fidelity fODFs is that they support a more refined notion of
axon orientation anisotropy. Conventionally, diffusion anisotropy is quantified with the
FA, but this reflects anisotropy of both the intra-axonal and extra-axonal spaces. The
FAA is specific to axons, but it is only sensitive to spherical harmonics up to degrees of
2𝑙 = 2 and therefore does not reflect the fine details of fODFs captured in the higher
harmonics. For this reason, we have introduced the MAA which is both specific to axons
and sensitive to harmonics of all degrees. Although we have found a strong correlation
between the FAA and MAA of about 𝑟 = 0.82 for healthy white matter (Figure 10.10),
the fraction of the variance in MAA that is unexplained by the FAA is still over 30%.
Equation 10.27 gives a specific example of a simple fODF where the FAA and MAA are
markedly different.
A summary of the effects of adjusting the main parameters that impact fODF
quality along with specific recommendations are given by Table 10.2. The
recommendations are appropriate for 3T clinical MRI in healthy adult subjects. There is
currently little information on the validity and application of FBI for young children and
for adults with severe brain pathology, and caution is advised when using FBI with these
groups. The feasibility of the recommended parameter choices may depend on the
available scanner hardware and software.
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Most of the prior literature on fODFs has focused on obtaining the peak directions
with little consideration of fODF fine structure. This is partly because of the strong
interest in fiber tractography, but may also reflect an appreciation that typical dMRI scans
have too few diffusion encoding directions and too low b-values to support the
calculation of high fidelity fODFs. However, improvements in scanner hardware, scanner
software, and data preprocessing techniques have made it much more practical to
increase the number of directions and b-value to an extent sufficient to achieve high
fidelity. In particular, MRI systems with maximum magnetic field gradient amplitudes of
80 mT/m allow high b-value data to be obtained in white matter with good SNR (Moss et
al., 2019), pulse sequences with simultaneous multislice capability can accelerate data
acquisition by factors of 2 to 4 (Feinberg and Setsompop, 2013), and advanced denoising
techniques can markedly improve data quality (Veraart et al., 2016). These innovations
provide exciting opportunities for exploring how the fine structure of fODFs are altered
by disease and aging. In order to support future work in this direction, we have discussed,
in this paper, general conceptual issues relevant to constructing high fidelity fODF
representations and provided examples obtained with FBI.
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We have demonstrated how to construct high fidelity fODFs in white matter with FBI. In
particular, conditions have been derived for the guiding the choices of the number of
diffusion encoding directions and the b-value. The number of directions should be
sufficient to mitigate significant sampling errors, while increasing the diffusion weighting
can be beneficial for improving fODF accuracy as long as adequate SNR can be
maintained. In order to facilitate the comparison of fODFs across voxels, a local frame of
reference has been introduced so that differences in fODF structure can be assessed
independently of spatial orientation. The MAA is proposed as a means of quantifying
angular variability of individual fODFs that is more sensitive to the finer structural details
than established indices of anisotropy.

TABLE 10.2

218

Appendix A: Definition of fODF
To give a mathematical definition of the fODF for a given voxel, we first
introduce a function ℎ(𝐫) that is unity for all positions 𝐫 inside the voxel and vanishes
for all positions outside the voxel. We also assume that the geometry of the ith axon’s
track is well described by a principal curve 𝐑(@) (𝜏) that is parametrized by its arc length
𝜏. While there are several methods of constructing principal curves (Bas and Erdogmus,
2011; Kégl et al., 2000), one expects these to yield similar paths for thin, tubular objects
such as axons. The tangent vector for the ith axon at 𝜏 is then
𝐓 (@)(𝜏) =

𝑑 (@)
𝐑 (𝜏).
𝑑𝜏

(10. A1)

By construction, Ñ𝐓(@) (𝜏)Ñ = 1. Let us also define 𝑉 (@)(𝜏, 𝜏< ) as the volume of the ith
axon contained between the point 𝜏 and some initial point 𝜏< . Here the axonal volume
only refers to space contained inside the axolemma and excludes the surrounding myelin
sheath.
In terms of the axon principal curves, the fODF may be expressed as
𝐹(𝐮) =

1
𝑑𝑉 (@)(𝜏, 𝜏< )
„ Z 𝑑𝜏 Ó
Ó ℎÔ𝐑(@) (𝜏)ÕÖ𝛿Ô𝐮 ∙ 𝐓 (@)(𝜏) − 1Õ + 𝛿Ô𝐮 ∙ 𝐓 (@) (𝜏) + 1Õ×
2𝜋𝑉X
𝑑𝜏
@

(10.A2)
where
𝑑𝑉 (@) (𝜏, 𝜏< )
𝑉X ≡ „ Z 𝑑𝜏 Ó
Ó ℎÔ𝐑(@) (𝜏)Õ
𝑑𝜏
@
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(10. A3)

is the total axonal volume within the voxel and with the summations in Equations 10.A2
and 10.A3 being taken over all axons that intersect the voxel. The argument 𝐮 of the
fODF is restricted to be a unit vector so that |𝐮| = 1. One may confirm that Equation
10.A2 is consistent with the normalization of Equation 10.2 and with the antipodal
symmetry 𝐹(−𝐮) = 𝐹(𝐮). Including the axonal volume derivatives in Equations 10.A2
and 10.A3 is necessary for the contribution of each axon to the fODF to be proportional
to its volume fraction. The initial point 𝜏< is arbitrary and does not affect 𝐹(𝐮) since a
change in 𝜏< just shifts 𝑉 (@) (𝜏, 𝜏< ) by a constant that is independent of 𝜏. The right side of
Equation 10.A2 can be interpreted as the volume-weighted density of local tangents to
the fibers’ principal curves.
Since Equation 10.A2 involves only morphological properties of axons, the fODF
constitutes a physical property of neuronal cytoarchitecture. It could, in principle, be
calculated from three-dimensional white matter histology (Leckenby et al., 2019)
although care should be taken so that the fixation process does not excessively alter the
axon shape (Stradleigh et al., 2015). As previously mentioned, there is still an unresolved
question as to whether the fODF, as estimated with FBI, reflects only myelinated axons
or both myelinated and unmyelinated axons.
A special case of interest is when all the axons are perfectly straight within the
voxel. Then the tangent vectors are independent of 𝜏, and Equation 10.A2 simplifies to
𝐹(𝐮) =

1
(@)
„ 𝑉X Ö𝛿Ô𝐮 ∙ 𝐓(@) − 1Õ + 𝛿Ô𝐮 ∙ 𝐓 (@) + 1Õ×
2𝜋𝑉X

(10. A4)

@

(@)

where 𝑉X

is the volume for the ith axon within the voxel. Equation 10.A4 is simply the

volume-weighted angular density of axon orientations.
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Although Equation 10.A2 corresponds to a conventional notion of an fODF in the
context of dMRI, alternative definitions are possible. For example, by including
information related to the axon curvature, “asymmetric fiber orientation distributions”
may be defined (Reisert et al., 2012). The results of this paper are not relevant in such
cases and apply only to fODFs consistent with Equation 10.A2.

Appendix B: Generalized Funk Transform
The classical Funk transform is a linear map of a function 𝑓 defined on the
surface of a unit sphere to another function 𝑇& {𝑓 } also defined on a unit sphere (Funk,
1913, 1915; Minkowski, 1904). It is given explicitly by
𝑇& {𝑓 }(𝐮) ≡ Z 𝑑Ωn 𝑓(𝐧)𝛿(𝐮 ∙ 𝐧),

(10. B1)

where 𝐮 and 𝐧 are unit vectors, 𝛿(𝑥) is the Dirac delta function, and the integral is taken
over the entire surface of the unit sphere. Because of the delta function, the surface
integral in Equation 10.1 reduces to a line integral for each direction 𝐮 around a
corresponding great circle of points orthogonal to 𝐮. The Funk transform was first
applied to dMRI in the context of q-ball imaging (Tuch, 2004). It is sometimes referred to
as the Funk-Radon transform because of its close connection to the Radon transform,
which plays a central role in computed tomography (Zayed, 2019).
For FBI, one defines a generalized Funk transform as
𝑠
"
𝑇@& {𝑓}(𝐮, 𝑠) ≡ É Z 𝑑Ωn 𝑓(𝐧)𝑒 'g(𝐮∙𝐧) ,
𝜋
where 𝑠 is an added control parameter that can be set to any positive value.
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(10. B2)

One may show that
lim 𝑇@& {𝑓}(𝐮, 𝑠) = 𝑇& {𝑓 }(𝐮)

g→V

(10. B3)

so that the generalized Funk transform reduces to the classical Funk transform for large 𝑠
(Jensen et al., 2016). Roughly speaking, the generalized Funk transform can be thought
of as a classical Funk transform where the line integral around the great circle has been
replaced by an integral over a band with a width scaling as 1⁄√𝑠.
A crucial property of the generalized Funk transform is that the spherical
harmonics are its eigenfunctions so that
𝑇@& {𝑌"# }(u, 𝑠) = 𝜆ª" (𝑠)𝑌"# (𝜃, 𝜑)

(10. B4)

where (𝜃, 𝜑) are the spherical angles for the direction vector u, 𝑌"# (𝜃, 𝜑) is the spherical
harmonic of degree 𝑙 and order 𝑚, and 𝜆ª" (𝑠) is the eigenvalue. For odd integer degrees,
the eigenvalues vanish, so these spherical harmonics are in the null space of 𝑇@& . For even
integer degrees, the eigenvalues are nonzero allowing the inverse generalized Funk
transform to be calculated as
𝑇@&'( (𝑌!"# ,u) =

1
𝑌!"# (𝜃, 𝜑).
𝜆ª!" (𝑠)

(10. B5)

The even degree eigenvalues have the explicit formula,
𝜆ª!" (𝑠) = 2𝜋𝑃!" (0)𝑔!" (𝑠),

(10. B6)

where 𝑃" (𝑥) is the Legendre polynomial of degree 𝑙, and
𝑙
Γ ± + 1²
𝑙 1
3
2
𝑔" (𝑠) = 𝑠 ("i()/! ∙
∙ (𝐹( q + ; 𝑙 + ; −𝑠r
3
2 2
2
Γ ±𝑙 + 2²
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(10. B7)

with Γ(𝑥) being the gamma function and (𝐹( (𝑎; 𝑐; 𝑥) being the confluent hypergeometric
function of the first kind (Jensen et al., 2016). As 𝑠 approaches infinity, the function
𝑔" (𝑠) approaches one. Thus we have the limit
lim 𝜆ª!" (𝑠) = 2𝜋𝑃!" (0).

g→V

(10. B8)

A useful approximation is (Jensen et al., 2016)
𝑔" (𝑠) ≈ exp ·−

𝑙(𝑙 + 1)
¸.
4𝑠

(10. 𝐵9)

We also have the special case
𝑔< (𝑠) = erf~√𝑠•.

(10. 𝐵10)

Plots of 𝜆ª!" (𝑠) for several values of 𝑙 are given by Figure 10.S1 of the Supporting
Information.
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Appendix C: Supporting Information

FIGURE 10.S1 The eigenvalues of the generalized Funk transform as a function of s for even degrees (2l)
from 0 to 16. The eigenvalues are positive for degrees that are multiples of four and negative otherwise.
The magnitudes of the eigenvalues increase monotonically with s for a given degree and decrease
monotonically with 2l for a fixed s.

FIGURE 10.S2 The point spread function (PSF) of Equation 10.11 for 2L = 6 and 𝐷$ = 𝐷) (solid line).
The double arrow shows the half width at half the maximum of the peak at θ = 0. The angular resolution is
then defined as twice this. The dotted line shows where the PSF crosses zero. The oscillations in the PSF
and the associated negative values reflect Gibbs phenomenon arising from truncation of the spherical
harmonic expansion.
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FIGURE 10.S3 Distribution of Matusita distances between fODFs calculated with 𝐷$ = 𝐷) and 𝐷$ = 𝐷+
(first row) and between fODFs calculated with 𝐷$ = 𝐷) and 𝐷$ = ∞ (second row). The b-value is 8000
s/mm2, the maximum spherical harmonic degrees are 2𝐿 = 8, 10,12, and the distances are calculated for all
white matter voxels from each of 3 subjects. The distances are noticeably bigger for the differences
between fODFs calculated with 𝐷$ = 𝐷) and 𝐷$ = ∞, showing how setting 𝐷$ = ∞ lowers the accuracy of
the fODFs. This reduction in accuracy is magnified by increasing 2𝐿. The plots are constructed using 100
bins over the full range of 0 to √2.

FIGURE 10.S4 Distribution of Matusita distances between fODFs calculated with 𝐷$ = 𝐷) and 𝐷$ = 𝐷+
(first row) and between fODFs calculated with 𝐷$ = 𝐷) and 𝐷$ = ∞ (second row). The b-values are 5000,
8000, and 10,000 s/mm2, the maximum spherical harmonic degree is 2𝐿 = 10, and the distances are
calculated for all white matter voxels for 3 subjects. The accuracy of the fODFs for 𝐷$ = 𝐷+ and 𝐷$ = ∞
improves with higher b-value. For all 3 b-values, the distances are bigger for the differences between
fODFs calculated with 𝐷$ = 𝐷) and 𝐷$ = ∞. The plots are constructed using 100 bins over the full range
of 0 to √2.
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FIGURE 10.S5 Distribution of Matusita distances between fODFs with obtained with different b-values
(first row) and between fODFs calculated with different values of 2𝐿 (second row). In both cases, 𝐷$ was
set to 𝐷) . In the first row, the fODFs are calculated with 2𝐿 = 10, while in the second row, they are
calculated with 𝑏 = 8000 s/mm2. For both rows, the Matusita distances range from about 0.1 to 0.7.
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11
Conclusion and Outlook
……………………

In this work, we began with the foundations that eventually brought us dMRI starting
first with the insights that led to Einstein’s famous result for the stochastic “selfdiffusion” process in Chapter 1. We then extrapolated into the realm of diffusion imaging
using MRI in Chapter 2 from the signal formation, the conceptual idea relating the
diffusion length to the measured signal decay. From there, a cursory overview of the
Fourier relation of the dMRI signal in q-space with that of the dPDF was done. It was
then shown how the cumulant expansion of the dMRI signal provides a good
approximation and is less intensive than a full characterization of the dPDF. This
expansion of the dMRI signal is also the basis for DTI and DKI which are considered
“model-free” methods. Both DTI and DKI provide the symmetric rank-2 diffusion tensor
D having six independent elements with DKI additionally providing the symmetric rank4 kurtosis tensor W with 15 unique elements. The tensors allow us to estimate the
diffusivity and kurtosis in an arbitrary direction provided we have at least 6 and 15
encoding directions, respectively. From D and W, rotationally invariants (e.g., FA or
MK) can be derived that provide a quantitative means to express changes in tissue health
or pathology.
227

Although widely used, the assumption of a Gaussian dPDF on which DTI hinges
breaks down, in brain, when the b-value exceeds 1000 s/mm2. This is because the dMRI
signal has a b-value dependence. Increasing the b-value above 1000 s/mm2 decreases the
accuracy of the DTI fit to the dMRI signal as it begins to deviate away a simple
monoexponential. The diffusional non-Gaussianity arises from the water molecules
interacting with cellular barriers and tissue compartments. With the additional b-value,
DKI can quadratically fit the dMRI signal more accurately to solve for both the
diffusivity and kurtosis. The summary statistic of kurtosis quantifies the amount of nonGaussianity of a distribution. This can be understood as reflecting the degree of structure
or the amount of complexity in the tissue measured.
In Chapter 3, we outlined neonatal brain development in healthy, preterm and HIE
infants. Many standardized developmental paradigms are used to assess developmental
motor and cognitive delays. These assessments though are not usually administered until
roughly one year of age, well beyond the initial preterm or HIE insult. It has been shown
that an early test for developmental delay, the STEP, shows concurrence with the BayleyIII, the gold standard usually administered in the high-risk follow up clinics starting
around one year. The STEP is advantageous due to it being applicable at birth and 3
months which is well within a potential neuroplastic or acute injury phase. While the
application of DTI in preterm and HIE infants has been ongoing, DKI in a clinical setting
is quite novel but easily obtainable now on any standard MRI scanner.
In Chapter 4 we investigated if the derived kurtosis measures of DKI would better
supplement the STEP developmental test in prediction of long-term outcomes, as
measured by the Bayley-III, than the diffusivity metrics of DTI. Our novel preliminary
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results are some of the first to be published in using DKI for long-term outcome
modeling. We found that it did improve some models of long-term motor and cognitive
outcomes. We worked with a very limited sample size; future work should follow up on
this by gathering a larger cohort of preterm infants and measuring both early-life STEP
and later-life Bayley-III. Furthermore, our statistical modeling was also limited by our
sample and could be improved upon by using a larger sample with more complete DKI
and clinical data. Our results will be a good steppingstone for a more targeted study
which could improve upon our findings. DKI, and possibly other advanced dMRI
methods, have untapped potential in identifying preterm infants in need of habilitation
therapy well before most physical deficits manifest.
Preterm infants are at a greater risk than healthy newborns to experience
substantial fundamental motor delays. One of the first deficits to be seen in preterm
infants is the inability to suck-swallow for self-feeding. Infants who do not learn this vital
motor function receive an invasive G-tube before NICU discharge. A novel treatment
using taVNS-paired with bottle feeding has shown decreases in the amount of preterm Gtube recipients. In Chapter 5, we sought to determine if there were and diffusivity or
kurtosis differences or changes prior to and following the taVNS-paired bottle-feeding
therapy. We hypothesized that kurtosis, being sensitive to diffusion heterogeneity, would
show differences across responders and non-responders. We found that responders had
higher radial kurtosis both before and after the taVNS therapy compared to the nonresponder group. Furthermore, we found that the pre-taVNS MK in the CSTcp WM
region was able to almost completely correctly identify whether an infant would respond
to the taVNS-paired bottle feeding. The identification was done using a binomial logistic
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regression model that also included IDM status of the subjects. Since no other clinical
variable were significant in the model predictions, it may be pertinent to look deeper into
mother’s diabetic status and the relationship with preterm brain injury. Future work into
this should try to replicate the logistic regression model using pre-treatment DKI scans to
identify taVNS response.
In Chapter 6, we applied DKI to cohorts of HIE infants with the dMRI gathered
during the acute and recovery HIE phase. We hypothesized that kurtosis would be
sensitive to changes in the tissue microstructure following HIE. In both acute HIE
groups, we found increased MK in moderate HIE (stage 2) compared to severe HIE
(stage 3). Additionally, the KFA was increased in the acute stage 2 compared to stage 3
HIE group. We also found that the MK was increased in severe HIE compared to
moderate HIE of the recovery group.

Logistic modeling found MK was able to

differentiate HIE severity using the Sarnat HIE stage as the response variable. The simple
models included only one or two WM ROIs with predictive accuracy between 83-89%. In
the future, serial scanning of HIE infants in the acute and recovery phase would be ideal.
This way we could better characterize if behavior of the kurtosis changes across HIE
phase. Moreover, our long-term outcome modeling was not consistent across groups for
the ROIs that were included. This is potentially due to differing scanner protocols. A
larger cohort all matched for DKI imaging parameters optimized for neonates would
allow for identifying which WM (or even gray matter) regions and diffusion metrics are
important for creating a parsimonious long-term outcome model. Use of a larger cohort
would help better determine if HIE stage is an important factor in long-term outcome
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modelling. Intuitively, it seems like it should be a defining feature. It would also be
interesting to attempt predicting HIE severity for comparison with current Sarnat staging.
An additional step to characterize preterm birth and HIE injury would be the use
of high b-value data. While we have observed infant WM does not follow the power-law
scaling required for FBI, preliminary analysis provides plausible looking parametric
maps for FBI FAA and MAA and for CSD as well. In the future, it would be interesting
to correlate the FAA and MAA from CSD and FBI with FA from DKI to see if there is
any novel information available. A comparison of HIE infants by severity using FBI or
CSD metrics and to see if they can predict severity as well. Further work should also look
in depth at the power-law scaling in WM regions that are known to be myelinated in a
large group of neonates. Lastly, in the neonates, it would be interesting to look at the
fODFs estimated either from CSD or FBI using High Fidelity fODF imaging to see if this
method would show fine-structure differences in both preterm and HIE brain injuries.
Describing the directional dependence of water diffusion for each image voxel is
of great interest and is typically used as input for WM fiber tractography. The simplest
means to do this is through the diffusion ellipsoid which DTI generates. The diffusion
ellipsoid though only calculates a single maximum which limits the utility for
characterization of diffusion directionality. Many research studies though have used the
DTI diffusion ellipsoid to identify large robust WM fiber tracts. A variety of data
collection and analysis methods have been developed, for example DSI, DKI or QBI,
which aim to estimate the dODF. The dODF is superior to the diffusion ellipsoid in that it
can take on multiple peaks with the maximum number determined by method.
Alternatively, one may wish to describe the primary fiber directions within a voxel which
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requires a fODF that expresses the angular density of the fiber directions. Probably the
most widely used fODF estimation technique is CSD which measures a global WM
response function that is then used to deconvolve the dMRI signal and estimate the
fODF. However, CSD fODFs often suffer from substantial unphysical negative peaks.
In Chapter 7, the recently proposed FBI approach was characterized in detail to
determine the optimal data setting for acquisition and analysis. Unlike CSD and the
empirical global response function, FBI only requires applying the inverse Funk
transform on a single b-value shell to estimate the fODF. This may be advantageous for
FBI since the global response function needed for CSD is potentially inadequate when
focal white matter pathology is present. Though like CSD, and other fODF estimation
methods, FBI does, depending on the spherical harmonic expansion degree used, result in
negative fODF lobes due to Gibbs ringing and signal noise. To ameliorate these negative
peaks, we developed an optimized fODF rectification approach, shown in Chapter 8.
Further refinement of the fODF was done by using the multiple diffusion encoding
technique TDE in Chapter 9 to estimate Da for use in a more accurate fODF estimation
from FBI. This Da was also use to better estimate other intra- and extra-axonal parameters
of interest, and TDE itself could be used as a method to validate other more popular
single diffusion encoding tissue models. A good future project would be to compare and
contrast TDE with the FBWM method (McKinnon et al., 2018). Lastly, in Chapter 10, we
provided a refined analysis method for estimating the fODF called high-fidelity FBI.
Typically, the fODF (just like the dODF), is used as an input for fiber tractography or
other modeling but rarely has it been investigated as a quantity of primary interest. As the
fODF is a complex, cytoarchitectural property defined independently of the MRI
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acquisition details, we proposed that the fine structure of the fODF has potential as a
sensitive and robust indicator of WM pathology. We provided the theory and proof of
concept which we will apply in future studies across a wide range of age groups. Finding
practical and effective means for exploiting the immense amount of information
contained in fODF datasets, with one fODF for every white matter voxel, should be a
priority.
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